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Large Language Models (LLMs) have demonstrated remarkable capabilities across
diverse domains, yet their deployment in specialized production environments faces
critical challenges. Commercial models like GPT-4, while powerful, impose pro-
hibitive operational costs ($110K-550K annually for typical workloads), unpredictable
latency (2-10 seconds per query), and data privacy concerns that limit their viability
for enterprise applications. Open-source alternatives offer potential solutions but
require effective domain adaptation strategies to match commercial model perfor-
mance on specialized tasks.

This thesis addresses the challenge of adapting LLMs to financial analysis through
a novel dual-adapter training and merging framework. We focus on Axyon Al's
production system, Alyx, which requires processing diverse financial tasks—stock
briefs, news classification, sector analysis, and report generation—each following
distinct formatting conventions and reasoning patterns. The key challenge arises
from severe sample imbalance in available training data: 1,388 production-critical
premarket samples (3.6%) versus 36,782 auxiliary ex-premarket samples (96.4%).
Naive combined fine-tuning on this imbalanced distribution causes catastrophic un-
derfitting on minority tasks, degrading performance by 15.2% despite training on
27.5x more data.

Our dual-adapter approach trains two independent LoRA adapters in isolation—Adapter
A specializing in Alyx-specific task formats (premarket), Adapter B developing broad
financial knowledge (ex-premarket)—then merges their parameters post-hoc to com-
bine complementary specializations without interference. We evaluate this frame-
work across five base models (3.8B-14.8B parameters, including dense and Mixture-
of-Experts architectures), four training strategies, and eight merging methods on
1,032 held-out evaluation tasks using GPT-4.1-mini as judge.

Results demonstrate three key findings. First, task distribution alignment dominates
dataset size: training on 1,388 format-aligned samples outperforms training on 38,170
diverse samples by 17.9% on average, with gaps ranging from 4.6% (Qwen2.5-14B)
to 57.2% (DeepSeek-V2-Lite MoE). Second, simple merging methods suffice: Task Arith-
metic achieves 98.9% of best-method performance at 28% computational cost, with
sophisticated techniques (TIES, Isotropic Merging) providing minimal benefits for
dual-adapter scenarios. Third, scale determines interference robustness: larger mod-
els (14.8B parameters) show only 4.6% performance gaps between combined and
specialized training, while smaller models exhibit 21-57% degradation from sample
imbalance.

The best configuration—Qwen?2.5-14B with TIES merging—achieves 8.99 /10 per-
formance, representing 95% of GPT-4’s estimated capability at 40-80% cost reduc-
tion with comparable latency (3—4 seconds) while eliminating data privacy concerns.
These results establish the viability of domain-adapted open-source models as pro-
duction replacements for commercial LLMs in specialized applications, with broad
implications for enterprise Al deployment across domains exhibiting imbalanced
multi-task distributions.
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Chapter 1

Introduction

1.1 Motivation

The deployment of Large Language Models (LLMs) in production environments has
revolutionized natural language processing across diverse domains, from health-
care (Singhal et al., 2023) to legal analysis (Katz et al., 2024) to software engineer-
ing (Chen et al., 2021). However, the financial services industry presents unique
challenges that expose fundamental limitations of general-purpose foundation mod-
els like GPT-4 (OpenAl, 2024). Financial applications demand not only high ac-
curacy but also specialized domain knowledge, real-time processing capabilities,
data privacy guarantees, and cost-effective scalability—requirements that commer-
cial API-based models struggle to satisfy simultaneously.

Consider the case of Axyon Al’s production system, Alyx, which provides insti-
tutional investors with Al-powered financial analysis, stock recommendations, and
market intelligence. The system must process thousands of daily queries spanning
diverse task types: brief stock summaries requiring strict [SON formatting, news rel-
evance classification demanding nuanced financial reasoning, comprehensive sector
analysis necessitating multi-step causal inference, and executive reports synthesiz-
ing information across multiple data sources. Each task type follows specific conven-
tions, output formats, and reasoning patterns developed through years of domain
expertise.

Initial deployments of Alyx relied on GPT-4 via OpenAl’s API, achieving strong
performance (estimated 9.5/10 on internal evaluations) but incurring substantial op-
erational challenges. First, cost constraints render API-based models economically
unsustainable at scale: processing 10,000 daily queries at $0.03-0.15 per call trans-
lates to $300-1,500 daily operational costs ($110K-550K annually), a prohibitive ex-
pense for a production system. Second, latency requirements for real-time mar-
ket analysis (target: <3 seconds per query) face unpredictable API response times
(2-10 seconds) that violate service-level agreements during market volatility when
demand surges. Third, data privacy concerns arise from transmitting proprietary
trading signals, client portfolios, and pre-publication research to external servers,
creating regulatory compliance risks and competitive intelligence exposure. Fourth,
lack of specialization means general-purpose models waste capacity on capabilities
irrelevant to financial analysis (creative writing, casual conversation, general knowl-
edge) while underperforming on domain-specific tasks requiring precise adherence
to financial formatting conventions and reasoning patterns.

These limitations motivate a fundamental research question: Can we develop spe-
cialized, cost-effective alternatives to GPT-4 that maintain comparable performance on fi-
nancial tasks while addressing deployment constraints? This thesis answers affirmatively
through a novel domain adaptation methodology combining dual-adapter training
with parameter-efficient fine-tuning and post-hoc adapter merging.
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1.2 Research Context and Problem Statement

1.2.1 The Domain Adaptation Challenge

Domain adaptation for LLMs faces a critical tension between task specialization and
knowledge retention. Adapting a general-purpose foundation model to a special-
ized domain (financial analysis) requires learning domain-specific patterns—financial
terminology, numerical reasoning, market causality, regulatory conventions—without
catastrophically forgetting the broad linguistic and reasoning capabilities acquired
during pre-training. This challenge intensifies when the target domain exhibits mul-
tiple distinct task distributions, as in Alyx’s case where six production task types
impose different structural, formatting, and reasoning requirements.

Traditional fine-tuning approaches struggle with this scenario. Single-task fine-
tuning on any individual task type (e.g., news classification alone) yields strong
performance on that task but fails to generalize to others, requiring separate model
deployments and eliminating efficiency gains. Multi-task fine-tuning on all tasks
simultaneously appears attractive—train once, deploy everywhere—but encounters
systematic failure when task distributions exhibit severe sample imbalance, as we
observe in Alyx’s training data.

1.2.2 The Sample Imbalance Problem

Alyx’s available training data comprises 38,170 labeled examples distributed across
two categories:

* Premarket tasks (1,388 samples, 3.6%): Production-critical tasks matching Alyx’s
actual deployment queries—stock briefs, news relevance, sector /universe com-
mentary. These tasks follow strict formatting conventions and represent the
evaluation distribution.

¢ Ex-premarket tasks (36,782 samples, 96.4%): Auxiliary financial tasks—news
extraction, sentiment analysis, report summarization, financial Q&A. These
tasks provide valuable financial domain knowledge but differ structurally from
premarket formats.

The resulting 26.5 : 1 imbalance creates a systematic underfitting problem: naive
combined fine-tuning optimizes predominantly for ex-premarket patterns (which
appear 26.5 x more frequently in training batches), causing catastrophic performance
degradation on minority premarket tasks despite explicit exposure to those exam-
ples during training. Our experiments (Chapter 6) demonstrate that combined fine-
tuning achieves only 5.75/10 average score compared to 6.78/10 from premarket-
only training, a 15.2% performance deficit despite training on 27.5x more data.

This failure validates a key hypothesis: for domain adaptation with imbalanced multi-
task data, task distribution alignment dominates dataset size. Training on 1,388 care-
fully curated examples matching the evaluation distribution outperforms training
on 38,170 diverse examples that dilute the target signal.

1.2.3 The Knowledge Complementarity Opportunity

While ex-premarket tasks exhibit distribution mismatch with evaluation queries,
they provide valuable complementary knowledge:

* Broad financial reasoning: 825 financial Q&A examples develop general mar-
ket analysis and causal inference capabilities
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¢ Document synthesis: 11,923 report summarization examples teach long-form
coherent generation and information compression

¢ News understanding: 21,034 news-related examples build event extraction,
entity recognition, and sentiment analysis skills

Discarding this knowledge wastes valuable training data. The research challenge
becomes: How can we leverage both distributions—premarket for task format specialization,
ex-premarket for broad domain knowledge—uwithout introducing catastrophic interference
from sample imbalance?

1.2.4 Research Questions

This thesis addresses three central research questions:

RQ1: Training Strategy Design

Can task-isolated dual-adapter training (separate adapters for premarket and ex-premarket
tasks, merged post-hoc) outperform combined fine-tuning and single-distribution training?

We hypothesize that training separate LoRA adapters on each distribution in
isolation, then merging their parameters post-hoc, eliminates sample imbalance in-
terference while preserving complementary knowledge from both distributions.

RQ2: Adapter Merging Method Selection

Which parameter merging methods preserve task-specific knowledge most effectively?
Do sophisticated techniques (TIES (Yadav et al., 2024), Isotropic Merging (Liu et al., 2024),
Task-Space Variance (Wortsman et al., 2022)) provide sufficient benefits to justify their com-
putational overhead relative to simple averaging (Task Arithmetic (Ilharco et al., 2023))?

We evaluate eight merging methods spanning the sophistication spectrum from
simple weighted averaging to complex orthogonalization and subspace projection
techniques.

RQ3: Architectural and Scale Effects

How do model architecture (dense transformers vs. Mixture-of-Experts) and scale (3.8B
to 14.8B parameters) interact with training strategy effectiveness and merging method per-
formance?

We evaluate five diverse base models to understand whether dual-adapter bene-
fits generalize across architectural paradigms and parameter scales, or emerge only
for specific model families.

1.3 Proposed Approach

This thesis proposes a dual-adapter training and merging framework that addresses
the challenges outlined above through three key innovations:

1.3.1 Innovation 1: Task-Isolated Adapter Training

Rather than exposing models to mixed training batches containing both premarket
and ex-premarket examples (combined fine-tuning), we train two separate LoRA (Hu
et al., 2021) adapters in complete isolation:

* Adapter A: Trained exclusively on 1,388 premarket samples, specializing in
Alyx-specific task formats, output structures, and reasoning patterns

* Adapter B: Trained exclusively on 36,782 ex-premarket samples, developing
broad financial domain knowledge, terminology, and analytical capabilities



4 Chapter 1. Introduction

This isolation strategy eliminates sample imbalance interference by construc-
tion—each adapter optimizes for a single homogeneous distribution without com-
peting gradients from minority tasks. The approach trades training cost (two adapters
vs. one) for guaranteed freedom from interference effects.

1.3.2 Innovation 2: Post-Hoc Parameter Merging

After independent training, we merge Adapter A and Adapter B parameters to cre-
ate a unified model combining both specializations. We explore eight merging meth-
ods:

¢ Simple methods: Task Arithmetic (weighted averaging), DARE (dropout-based
sparsification)

¢ Conflict resolution: TIES (trim, elect, merge), DO-Merging (orthogonal de-
composition)

¢ Magnitude normalization: Isotropic Merging (spectral flattening), RegMean
(L2 regularization)

* Subspace methods: Task-Space Variance (union of singular subspaces)
¢ Dynamic methods: LoGo (instance-level adapter routing)

Merging occurs in parameter space after training completes, requiring no addi-
tional gradient updates and enabling rapid experimentation with different combi-
nation strategies.

1.3.3 Innovation 3: Comprehensive Empirical Evaluation

We evaluate the dual-adapter framework across:

¢ 5base models: Mistral-7B (Jiang et al., 2023), Llama-3-8B (Dubey et al., 2024),
Qwen2.5-14B (Yang et al., 2024), DeepSeek-V2-Lite (MoE) (Dai et al., 2024),
Phi-4-mini (Abdin et al., 2024)

* 4training strategies: Premarket-only (Adapter A), ex-premarket-only (Adapter
B), combined fine-tuning, dual-adapter merging

* 8 merging methods: Evaluating trade-offs between performance, computa-
tional cost, and implementation complexity

¢ 1,032 held-out tasks: Spanning 6 task types representing complete Alyx pro-
duction requirements

¢ LLM-as-judge evaluation: GPT-4.1-mini scoring outputs on 1-10 scale with
detailed rubrics

This comprehensive evaluation design enables robust conclusions about training
strategy effectiveness across diverse architectural paradigms, parameter scales, and
merging approaches.

1.4 Contributions

This thesis makes the following contributions to the fields of domain adaptation,
parameter-efficient fine-tuning, and model merging:
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1.4.1 Methodological Contributions

C1: Dual-Adapter Training Framework

We introduce a systematic methodology for adapting LLMs to domains with im-
balanced multi-task distributions. The framework isolates tasks during training to
eliminate interference, then recombines knowledge via parameter merging. This ap-
proach generalizes beyond financial applications to any domain exhibiting severe
sample imbalance across task types (e.g., medical diagnosis with rare conditions,
legal analysis spanning diverse case types).

C2: Comprehensive Merging Method Analysis

We provide the first large-scale empirical comparison of eight adapter merg-
ing methods specifically for dual-adapter scenarios, revealing that simple averaging
(Task Arithmetic) achieves 98.9% of best-method performance at 28% computational
cost. This finding challenges the conventional wisdom that sophisticated merging
techniques are necessary for combining task-specific adapters, demonstrating that
method complexity correlates poorly with empirical performance.

C3: LLM-as-Judge Evaluation Framework

We develop a production-grade evaluation methodology using GPT-4.1-mini as
judge with detailed task-specific rubrics. The framework provides fine-grained (1-
10 scale) assessment of domain-specific output quality, format compliance, and rea-
soning correctness—evaluation dimensions difficult to capture with traditional met-
rics (BLEU, ROUGE, perplexity). We validate judge reliability through inter-annotator
agreement analysis and demonstrate high correlation with human expert assess-
ments.

1.4.2 Empirical Contributions

C4: Task Alignment Dominates Dataset Size

We demonstrate empirically that training on 1,388 format-aligned examples (pre-
market) outperforms training on 38,170 diverse examples (combined) by 17.9% on
average, with gaps ranging from 4.6% (Qwen2.5-14B) to 57.2% (DeepSeek-V2-Lite).
This finding establishes task distribution alignment as the primary driver of domain
adaptation effectiveness, superseding dataset size in importance.

C5: Scale-Dependent Robustness to Interference

We reveal that model scale fundamentally determines vulnerability to multi-task
interference: larger models (Qwen2.5-14B, 14.8B parameters) show only 4.6% per-
formance gaps between combined training and format-specialized training, while
smaller models (Mistral-7B) exhibit 21.0% gaps and MoE models (DeepSeek-V2-Lite)
suffer 57.2% degradation. This scale-dependence suggests capacity thresholds beyond
which models can handle imbalanced multi-task learning without catastrophic un-
derfitting.

C6: Architecture-Specific Training Requirements

We document systematic differences between dense transformer and Mixture-
of-Experts (MoE) architectures: MoE models show catastrophic failure with com-
bined training (—50% performance) but benefit most from dual-adapter merging
(+85.9% improvement), while dense models exhibit moderate interference and mod-
erate merging gains. These findings suggest MoE architectures require specialized
adaptation techniques (task isolation, expert-specific LoORA) not necessary for dense
models.
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1.4.3 Practical Contributions

C7: Production-Ready GPT-4 Alternative

We demonstrate that Qwen2.5-14B with TIES-merged adapters achieves 8.99/10
performance, representing 95% of GPT-4’s estimated capability (9.5/10) at 40-80%
cost reduction, with latency comparable to API calls (3—4 seconds) while eliminating
data privacy concerns. This establishes the viability of domain-adapted open-source
models as production replacements for commercial LLMs in specialized applica-
tions.

C8: Deployment Guidelines and Model Selection

We provide evidence-based recommendations for production deployment:

* Tier 1 (highest quality): Qwen2.5-14B + TIES (8.99/10, 0.63% error rate)

¢ Tier 2 (cost-optimized): Mistral-7B + TIES (8.03/10, 0.93% error rate, 50% cost
of Qwen)

¢ Tier 3 (reliability-optimized): Llama-3-8B + Task Arithmetic (6.31/10, 0.07%
error rate)

These guidelines enable practitioners to select models matching their specific
constraints (performance requirements, cost budgets, reliability thresholds).

1.5 Thesis Organization

The remainder of this thesis is organized as follows:

Chapter 2: The Alyx System

Provides detailed context on the Alyx production system that motivates this re-
search: system architecture, core components (Financial Agent, Tree of Thoughts
Agent, RAG pipeline), tool specifications, LLM usage patterns, current limitations,
and mapping to research contributions.

Chapter 3: Domain Adaptation Methodology

Describes the dual-adapter training framework in detail: task decomposition and
data organization, dataset statistics, base model selection, LoRA configuration, train-
ing hyperparameters, baseline configurations, and dual-adapter training strategy.

Chapter 4: Adapter Merging Methods

Presents the eight merging methods evaluated in this thesis: Task Arithmetic,
TIES, DARE, Isotropic Merging, Task-Space Variance, DO-Merging, RegMean, and
LoGo. For each method, we provide mathematical formulations, algorithmic de-
scriptions, computational complexity analysis, and implementation details.

Chapter 5: Evaluation Methodology

Specifies the experimental design: LLM-as-judge methodology, judge model con-
figuration, evaluation protocol and rubrics, implementation details, quality assur-
ance mechanisms, scale and cost analysis, and reproducibility guarantees.

Chapter 6: Results and Analysis

Reports comprehensive experimental findings: overall performance comparison
across training strategies, per-task performance analysis, merging method compar-
ison, model-specific deep dives, training dynamics analysis, error analysis and fail-
ure modes, architecture effects, and answers to research questions.

Chapter 7: Related Work Surveys relevant literature across four domains: do-
main adaptation for LLMs, parameter-efficient fine-tuning methods, model merging
and task arithmetic, and LLM evaluation methodologies. We position our contribu-
tions within the existing research landscape and identify gaps our work addresses.
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Chapter 8: Conclusions and Future Work Synthesizes key findings, discusses
implications for production LLM deployment, highlights limitations of the current
approach, and outlines promising directions for future research including MoE-
specific adaptation techniques, theoretical foundations of format alignment, and
generalization to other domains facing severe data imbalance.

1.6 Scope and Limitations

This thesis focuses specifically on:
¢ Domain: Financial analysis and investment research (Alyx production system)

¢ Task types: Classification, generation, and multi-step reasoning within struc-
tured formats

* Model scale: 3.8B to 14.8B parameter range suitable for deployment on com-
modity GPU hardware (80GB A100)

¢ Adaptation method: LoRA-based parameter-efficient fine-tuning with rank-
16 adapters

* Evaluation: LLM-as-judge methodology with GPT-4.1-mini as assessor
The following are explicitly out of scope:
¢ Full fine-tuning approaches (resource prohibitive at 7B+ parameter scale)

* Prompt engineering or in-context learning (requires extensive manual effort
per task type)

¢ Retrieval-augmented generation (orthogonal to adapter training)
* Models larger than 20B parameters (exceed available computational budget)
* Non-English languages (Alyx operates exclusively in English)

* Real-time market prediction accuracy (focus on text generation quality, not fi-
nancial forecast validation)

1.7 Summary

This chapter introduced the challenge of adapting large language models to spe-
cialized domains with imbalanced multi-task distributions, using financial analysis
as a motivating application. We identified fundamental limitations of both com-
bined fine-tuning (catastrophic interference from sample imbalance) and single-task
training (lack of knowledge sharing), proposing dual-adapter training with post-hoc
merging as a solution that eliminates interference while preserving complementary
knowledge.

The proposed framework makes methodological contributions (systematic task
isolation methodology, comprehensive merging method analysis), empirical contri-
butions (task alignment dominates dataset size, scale-dependent interference robust-
ness, architecture-specific requirements), and practical contributions (production-
ready GPT-4 alternative, deployment guidelines, open-source release). Comprehen-
sive evaluation across five base models, four training strategies, and eight merging
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methods on 1,032 held-out tasks provides robust evidence for the effectiveness of
this approach.

Chapter 2 provides detailed context on the Alyx system that motivates this work,
followed by the dual-adapter methodology (Chapters 3—4), evaluation framework
(Chapter 5), and experimental results (Chapter 6).



Chapter 2

The Alyx System

2.1 System Overview

2.1.1 Motivation and Context

The proliferation of large language models (LLMs) has enabled sophisticated ap-
plications in domain-specific contexts, yet their deployment in production environ-
ments faces significant challenges. Financial institutions, in particular, require sys-
tems that balance sophisticated reasoning capabilities with operational constraints
including cost efficiency, data privacy, and response latency. This chapter presents
Alyx, a production-grade conversational Al system that the author designed and
implemented for financial strategy analysis at Axyon Al, which serves both as a
functional business tool and as the motivating use case for the domain adaptation
research presented in subsequent chapters.

Alyx represents a class of enterprise LLM applications that exhibit high-frequency
usage patterns, complex multi-step reasoning requirements, and sensitivity to both
accuracy and cost. In the implementation, the system relies on OpenAl’s GPT-4
(OpenAl, 2023) as its primary language model, incurring costs of $0.03-0.15 per
query and experiencing latencies of 2-5 seconds per API call. These operational
characteristics observed during the system’s deployment and analysis make it an
ideal candidate for domain-specific optimization through parameter-efficient fine-
tuning techniques.

2.1.2 Core Capabilities

Alyx provides five primary capabilities that collectively address the information
needs of financial analysts and portfolio managers:

Natural Language Querying: Users can query financial strategies, instruments, and
performance metrics using conversational language rather than structured query
languages or API calls.

Real-time Performance Analysis: The system calculates and presents financial met-
rics including Sharpe ratio, Compound Annual Growth Rate (CAGR), maxi-
mum drawdown, and volatility on demand.

Multi-step Reasoning: Complex analytical queries requiring multiple data retrievals
and intermediate reasoning steps are handled through a specialized Tree of
Thoughts (ToT) reasoning agent (Yao et al., 2023b).

Document-based Question Answering: A Retrieval-Augmented Generation (RAG)
pipeline (Lewis et al., 2020) enables users to query uploaded financial reports
and documents.
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Automated Report Generation: Integration with internal reporting systems allows
for automated generation of financial analysis reports.

These capabilities are unified through a conversational interface that maintains
context across multi-turn dialogues, enabling users to iteratively refine queries and
explore financial data without switching between multiple specialized tools.

2.1.3 Technical Foundation

The system architecture leverages LangChain (Chase, 2022) for agent orchestration
and tool management, LangGraph for stateful workflow control, and ChromaDB
for the vector database for document storage. This technology stack was selected
based on three criteria: (1) maturity and stability for production deployment, (2)
flexibility for rapid iteration during development, and (3) compatibility with multi-
ple LLM backends to facilitate future model substitution.

The architectural decision to use framework abstractions (LangChain/LangGraph)
rather than direct API calls provides a critical advantage for the research objectives of
this thesis: the system’s LLM backend can be swapped with minimal code changes,
enabling direct comparison between commercial API-based models and domain-
adapted alternatives.

2.2 System Architecture

221 Layered Architecture Design

Alyx implements a five-layer architecture that separates concerns and enables mod-
ular development (Figure 2.1). This design follows established principles for multi-
agent LLM systems while incorporating domain-specific requirements for financial
data access.

Layer 1: User Interface

The presentation layer implements a web-based interface using Streamlit, chosen
for rapid prototyping and deployment simplicity. The interface provides three pri-
mary views: (1) a chat panel for conversational interaction, (2) a results tab dis-
playing structured outputs from tool executions, and (3) an analytics view showing
system usage statistics and query patterns.

Layer 2: Session Management

Session state is persisted through file-based JSON storage, enabling conversation
continuity across sessions and facilitating debugging through inspection of interac-
tion histories. This design decision trades database complexity for transparency and
simplicity in the development environment, while remaining suitable for single-user
or small-team deployments.

Layer 3: Agent Layer

The agent layer contains three specialized agents, each responsible for different query
types:
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User Interface Layer
(Streamlit)

| Chat Panel | | Results Tab | | Analytics |

<z

Session Management Layer

File-Based Chat Message History
* Persistent conversation storage
* Tool execution tracking

<z

Agent Layer
Financial Tree of RAG
Agent Thoughts Pipeline
[GPT-4] [GPT-4] [GPT-4]

<

Tool Orchestration Layer
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FIGURE 2.1: Alyx system architecture showing the five-layer design
with LLM integration points marked in brackets.

* Financial Agent: Handles standard queries requiring one or more tool invoca-
tions.

* Tree of Thoughts Agent: Manages complex multi-step reasoning tasks.
* RAG Pipeline: Processes queries against uploaded documents.

All three agents utilize GPT-4 as their language model backend, representing the
primary LLM usage points targeted for replacement in this research.

Layer 4: Tool Orchestration

The tool layer abstracts access to financial data sources and computational functions.
The system implements 31 distinct tools organized across five categories: strategy
search and analysis (10 tools), combined strategies (4 tools), instruments and rank-
ings (4 tools), IRIS Automated-Report (10 tools), and RAG/documents (2 tools), plus
1 utility tool. This extensive tool inventory reflects the complexity of financial do-
main operations and the diversity of information needs in professional contexts.

Layer 5: Data Layer

The data layer provides access to three primary data sources: (1) the Pioneer API
for real-time financial data, (2) ChromaDB for document storage and retrieval, and
(3) local file storage for session persistence. This separation enables independent
scaling and optimization of each data source.
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2.2.2 Information Flow

A typical user query traverses the architecture as follows:

1. Input Processing: User input is received through the Streamlit interface and
routed to the appropriate agent based on query characteristics (simple vs. com-
plex vs. document-based).

2. Agent Execution: The selected agent processes the query, potentially making
multiple LLM calls for intent understanding, tool selection, and response gen-
eration.

3. Tool Invocation: Selected tools execute API calls or computations, returning
structured data to the agent.

4. Response Synthesis: The agent synthesizes tool outputs into a coherent natu-
ral language response, formatted according to domain conventions.

5. Presentation: The response is rendered in the user interface with appropriate
formatting for tables, charts, and textual explanations.

This flow demonstrates the central role of LLM calls in multiple stages: query un-
derstanding, tool orchestration, and response generation—all points where domain-
adapted models could potentially replace general-purpose APIs.

2.3 Core Components

2.3.1 Financial Agent

The Financial Agent serves as the primary interface for standard analytical queries.
Its implementation demonstrates the sophistication required for production LLM
applications in specialized domains.

System Prompt Design

The agent operates with a system prompt exceeding 200 lines of detailed instructions
that include explicit tool routing logic, structured response format enforcement, and
domain-specific formatting rules such as 2-decimal truncation for financial metrics.
This extensive prompt engineering reflects a fundamental challenge in LLM-based
systems: the tension between model generality and task-specific performance. The
prompt serves multiple functions:

* Role Definition: Establishes the agent’s identity and expertise boundaries.
* Tool Descriptions: Provides detailed specifications for 31 available tools.

* Response Structure: Enforces a three-part format (Executive Summary, Anal-
ysis & Insights, Detailed Data & Metrics).

¢ Domain Conventions: Specifies financial notation standards and metric defi-
nitions.
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Tool Routing Mechanism

The routing logic employs LangChain’s AgentExecutor with OpenAl function call-
ing rather than ReAct-style prompting (Yao et al., 2023a). This implementation lever-
ages OpenAl’s native function calling API, which provides structured outputs for
tool selection decisions. The system supports parallel tool execution and iterates
up to a configurable maximum (default: 10 iterations) to complete complex queries.
Compared to ReAct-style prompting, function calling reduces parsing errors and
enables more reliable tool orchestration.

LLM Task Decomposition

The Financial Agent performs four distinct LLM-mediated tasks per query:

Task 1: Intent Understanding. The LLM parses natural language queries into struc-
tured intent representations. For example, the query “show me long-only
strategies with positive Sharpe ratio” must be decomposed into search con-
straints and filtering criteria.

Task 2: Tool Selection. Given the parsed intent and 31 available tools, the LLM se-
lects appropriate tool(s) and determines their invocation order. This requires
understanding tool capabilities, parameter requirements, and interdependen-
cies.

Task 3: Response Generation. Tool outputs (typically JSON structures) must be trans-
formed into natural language responses that follow domain conventions.

Task 4: Context Management. In multi-turn dialogues, the LLM maintains conver-
sational coherence by tracking previously discussed strategies and interpreting
anaphoric references.

These tasks typically require 1-5 LLM calls per user query depending on the
complexity of the tool chain, establishing a baseline against which domain-adapted
alternatives will be evaluated.

2.3.2 Tree of Thoughts Agent

Complex financial queries often require multi-step reasoning that exceeds the capa-
bilities of single-pass agent execution. The Tree of Thoughts (ToT) agent addresses
this limitation through structured exploration of reasoning pathways.

Motivation and Design

The ToT agent implements a state machine designed for advanced multi-step rea-
soning over complex financial analysis queries. The approach is inspired by the Tree
of Thoughts framework (Yao et al., 2023b), which enables LLMs to explore multi-
ple reasoning paths before committing to a solution. This capability is valuable for
queries such as “Compare the risk-adjusted returns of technology sector strategies
against their benchmarks,” which require coordinated execution of multiple tools.
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Algorithmic Structure

The algorithm implements a greedy best-first search (modified depth-first search)
with a branching factor of 3 thoughts per iteration. The system selects only the
highest-scored thought and explores sequentially rather than in parallel. This design
choice trades exhaustive search for cost-effectiveness.

The state machine topology defines the reasoning process with four phases:

1. Thought Generation: Generate 3 distinct reasoning paths.
2. Thought Evaluation: Score each thought (1-10) with justification.
3. Best Thought Execution: Execute highest-scored thought via Financial Agent.

4. Continuation Decision: Determine whether to continue exploring or synthe-
size final answer.

Computational Characteristics

The ToT agent makes 6-20 LLM calls per query based on the configured maximum
iterations (default: 3). For a query requiring 3 iterations, the total load is approx-
imately 16 calls. At GPT-4 rates, this results in an estimated cost of $0.30-0.60 per
query and latency of 32-80 seconds. These characteristics make the ToT agent suit-
able only for high-value queries, providing a clear target for cost reduction via do-
main adaptation.

2.3.3 RAG Pipeline

The Retrieval-Augmented Generation (RAG) pipeline enables question-answering
over uploaded financial documents, combining the strengths of semantic search
with generative language models.

Pipeline Architecture

The pipeline integrates LangChain orchestration with ChromaDB vector storage,
utilizing a four-stage process: (1) Query Processing, (2) Document Retrieval, (3) Con-
text Assembly, and (4) Answer Generation. This architecture follows the standard
RAG paradigm (Lewis et al., 2020) with domain-specific enhancements.

Document Processing and Retrieval

The system employs the unstructured library with a semantic “by_title” chunking
strategy (2,000 characters per chunk, 400 overlap). This respects document structure,
preserving tables and headers as atomic units.

The retrieval system implements an ensemble approach:

¢ Semantic Search (70% weight): Uses text-embedding-3-small vectors in Chro-
maDB to capture conceptual similarity.

e BM25 (30% weight): Ensures exact keyword matches for technical terms and
named entities.

This is followed by an LLM-based reranking step of the top 10 candidates. The RAG
pipeline requires 1-2 LLM calls per query.
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2.3.4 DSPy Query Interpretation

The Tool Orchestration layer includes a specialized component for semantic query
parsing, implemented using the DSPy framework (Khattab et al., 2023).
Motivation and Implementation

DSPy-based query interpretation uses GPT-40-mini to perform semantic parsing of
search queries through structured signatures. This lightweight LLM usage reflects a
key architectural principle: matching model capability to task requirements.

Example Operation

For the query “show me long-only strategies”, the module outputs:

search_terms: "long"
exclude_patterns: "long short, long/short"
reasoning: "User wants long-only, should exclude long-short strategies"

This parsing addresses a subtle domain challenge: distinguishing “long-only” from
“long-short”. The component makes 1-2 LLM calls per invocation at negligible cost
($0.0001), though it still represents an opportunity for optimization.

2.4 Tool Specifications

The Tool Orchestration layer implements 31 distinct tools organized across func-
tional categories.

24.1 Tool Taxonomy

The tools are organized into six categories based on their functional purpose and
data sources:

Strategy Search & Analysis (10 tools): Core functionality for querying individual
investment strategies, retrieving historical returns, and calculating performance
metrics (Sharpe, CAGR, volatility).

Combined Strategies (4 tools): Specialized tools for multi-strategy portfolios, han-
dling different API endpoints and aggregation logic.

Instruments & Rankings (4 tools): Access to underlying securities, instrument-level
performance, and proprietary ranking systems.

IRIS Automated-Report(10 tools): Integration with internal reporting systems for
automated generation of Al technology analysis, signal performance, and ex-
posure reports.

RAG & Document Tools (2 tools): Querying uploaded documents and caching re-
port URLs.

Utility Tools (1 tool): Cache management.
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2.4.2 Tool Complexity Analysis

The tool inventory demonstrates varying complexity levels that impact LLM tool
selection difficulty:

¢ Level 1 (Simple Retrieval): Single parameter, direct API mapping (e.g., search
by name).

¢ Level 2 (Multi-Parameter): Multiple parameters with validation (e.g., date
ranges).

* Level 3 (Type-Aware): Automatic detection of entity types (individual vs.
combined) and conditional logic.

¢ Level 4 (Complex Computations): Multi-stage data retrieval and statistical
computations (e.g., benchmark comparisons).

Tools requiring deep domain understanding (Levels 3-4) are the most challenging
for general-purpose LLMs and represent high-value targets for specialized model
fine-tuning.

2.5 LLM Usage Analysis

2.5.1 LLM Call Distribution

The system’s LLM dependency allows for systematic analysis of call patterns. Table
2.1 reveals that complex ToT queries dominate LLM usage, accounting for up to 69%
of calls despite representing a minority of user queries.

TABLE 2.1: LLM call distribution across system components

Component LLM Model Calls per Query % of Total
Financial Agent GPT-4 1-5 11-56%
ToT Agent GPT-4 6-20 67-69%
RAG Pipeline GPT-4 1-2 11-22%
Query Interpretation GPT-40-mini 1-2 11-22%
Total 9-29 100%

2.5.2 Cost and Latency Profiling

Based on observed query distributions and December 2024 pricing, estimated costs
and latencies are presented in Table 2.2. ToT queries account for 50-60% of costs due
to high call frequency.

2.6 Current Limitations

2.6.1 Operational Limitations

The current GPT-4-based implementation exhibits five primary operational limita-
tions:
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TABLE 2.2: Cost and latency estimates by query type (Dec 2024 pric-

ing)
Query Type Tokens (In/Out) Calls Cost($) Latency (s)
Simple Query 500 / 300 1-2 0.02-0.04 2-10
Multi-tool Query 1500 / 800 3-5 0.08-0.15 625
ToT Complex Query 5000 / 2000 10-20 0.30-0.60 20-100
RAG Document Query 3000 / 1000 2-3  0.15-0.25 4-15
DSPy Query Parse 200 / 100 1 0.0001 <1

1. Linear Cost Scaling: System costs scale linearly. As shown in Table 2.3, production-

scale usage (5,000+ queries/day) results in prohibitive monthly costs exceed-
ing $7,500.

2. API Latency: Each API call incurs 2-5 seconds of latency. Complex ToT queries
can exceed 60 seconds, degrading user experience.

3. Data Privacy: Transmission of queries to OpenAl limits adoption by organiza-
tions with strict data sovereignty requirements.

4. Domain Generality: GPT-4 occasionally misinterprets financial terminology
(e.g., “long” positions vs. long-term) or provides redundant explanations of
basic concepts.

5. Offline Capability: The dependency on internet connectivity prevents air-
gapped deployment.

TABLE 2.3: Monthly cost projections by usage level

Usage Level Queries/Day Monthly Cost ($)
Light (development) 50 75-150
Moderate (small team) 200 300-600
Heavy (department) 1000 1500-3000
Production (enterprise) 5000+ 7500+

2.6.2 Architectural Limitations

Structurally, the system is limited by its file-based session management (precluding
concurrent multi-user access), minimal caching of tool results due to data freshness
requirements, and a lack of automated quality evaluation metrics.

2.7 System as Research Motivation

2.7.1 Production Context

The Alyx system represents a class of enterprise LLM applications characterized by
high-frequency usage, domain-specific accuracy requirements, and cost sensitivity.
These characteristics make it an ideal testbed for domain adaptation research. The
system’s modular architecture with LLM backend abstraction specifically enables
systematic comparison between commercial APIs and adapted alternatives.
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2.7.2 Mapping to Research Contributions

The system’s characteristics directly inform the contributions of this thesis:

¢ System Contribution (C1): Alyx itself serves as a demonstration of production-
grade financial AL

¢ Domain Adaptation Need (C2): The cost ($0.03-0.15/query) and latency met-
rics establish clear targets for fine-tuning experiments.

* Multi-Task Requirement (C3): The diverse LLM tasks (intent understanding,
reasoning, summarization) motivate the adapter merging research in Chapters
4-6.

¢ Integration Architecture (C4): The deployment challenges motivate the inte-
gration analysis in Chapter 7.

2.8 Summary

This chapter has presented Alyx, a production financial Al system that integrates
conversational interfaces, specialized reasoning agents, and extensive tool orchestra-
tion. The analysis reveals that while the system delivers sophisticated capabilities,
its reliance on GPT-4 (OpenAl, 2023) creates significant bottlenecks in cost, latency,
and privacy. Specifically, the Tree of Thoughts agent, while powerful, accounts for
the majority of computational costs. These limitations motivate the research pre-
sented in Chapters 4-7, which explores whether parameter-efficient fine-tuning with
adapter merging can replicate these capabilities in a cost-effective, local architecture.
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Chapter 3

Domain Adaptation Methodology

3.1 Overview and Motivation

The analysis in Chapter 2 established that Alyx faces four primary operational con-
straints from GPT-4 reliance: (1) linear cost scaling at $0.03-0.15 per query, (2) API
latency of 2-5 seconds, (3) data privacy concerns from external transmission, (4) lack
of domain-specific optimization for financial terminology and reasoning. These con-
straints motivate the central research question: can domain-adapted language mod-
els achieve comparable or superior performance to GPT-4 on financial tasks while
addressing these operational limitations?

This chapter presents the domain adaptation methodology for creating special-
ized financial analysis models. The approach leverages Parameter-Efficient Fine-
Tuning (PEFT) through Low-Rank Adaptation (LoRA) (Hu et al., 2021) to create
task-specific adapters subsequently merged to form multi-task capable models. The
methodology comprises four key components: (1) training data curation combining
production-style Alyx tasks with broad financial data, (2) held-out evaluation tasks
representing real Alyx queries, (3) LoRA-based fine-tuning across multiple base ar-
chitectures, (4) dual-adapter training strategy enabling systematic exploration of
adapter merging techniques.

The experimental design addresses a fundamental challenge in domain adapta-
tion for production systems: trained models must generalize from training examples
to unseen production queries while simultaneously handling multiple distinct capa-
bilities (summarization, classification, generation, reasoning) without catastrophic
forgetting (Kirkpatrick et al., 2017). The dual-adapter approach—where separate
adapters train on complementary task distributions before merging—provides a sys-
tematic framework for investigating whether merged adapters preserve multi-task
capability more effectively than single-adapter or full fine-tuning approaches.

A critical aspect is the separation between training and evaluation: models train
on production-style task formats (pre-market training tasks) and evaluate on held-
out instances of the same task types (iris evaluation tasks). This design tests whether
adapted models can generalize to unseen prompt variations within learned task
formats—the exact capability required for deployment in Alyx where user queries,
while following recognizable patterns, exhibit infinite surface variation.

3.2 Research Hypotheses

The dual-adapter training strategy developed in this work addresses a fundamen-
tal challenge in domain adaptation: how to combine task-specific specialization
with broad domain knowledge when training data exhibits severe imbalance. This
methodology enables testing three core hypotheses:
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Hypothesis 1 (Format Specialization Dominates Dataset Size): An adapter trained
exclusively on 1,388 format-aligned premarket samples will outperform combined
training on 38,170 samples (1,388 premarket + 36,782 ex-premarket) due to task dis-
tribution alignment dominating raw dataset size. This hypothesis challenges con-
ventional wisdom prioritizing dataset scale over task alignment.

Hypothesis 2 (Sample Imbalance Causes Task Interference): Combined train-
ing on severely imbalanced datasets (26.5:1 ratio between ex-premarket and pre-
market) will cause systematic underfitting on minority tasks due to optimization
dynamics favoring dominant task distributions. Standard single-adapter training
cannot effectively balance these competing objectives without sophisticated sam-
pling or loss reweighting strategies.

Hypothesis 3 (Complementary Combination Through Merging): Post-hoc parameter-
space merging of separately-trained adapters (Adapter A: format-specialized on pre-
market, Adapter B: broad knowledge from ex-premarket) will achieve superior per-
formance to any single-training configuration by preserving complementary special-
izations without catastrophic interference. This validates the dual-adapter architec-
ture as a solution to the sample imbalance problem.

These hypotheses are evaluated in Chapter 6 through comprehensive experi-
ments across five base models (3.8B-15.7B parameters), four training configurations,
and eight merging methods on 1,032 held-out iris evaluation tasks representing pro-
duction Alyx queries.

3.3 Task Decomposition and Data Organization

3.3.1 Alyx’s LLM Task Requirements

Chapter 2 identified six distinct LLM-mediated tasks within Alyx (Table 3.1), rep-
resenting the complete set of language model capabilities required for production
operation, ranging from query understanding to multi-step reasoning.

TABLE 3.1: Alyx system LLM tasks and domain adaptation approach

Task ID Task Name Alyx Component Training Approach

T1 Intent Understand- Financial Agent, Trained via classifica-
ing Query Parser tion

12 Tool Selection Financial Agent Not trained (requires

interaction data)

T3 Response  Genera- All agents Trained via generation
tion

T4 Context  Manage- Financial Agent Not trained (preserved
ment from base)

T5 Thought Generation ToT Agent Trained via reasoning

Te Thought Evaluation = ToT Agent Trained via reasoning

The decision to exclude T2 (Tool Selection) and T4 (Context Management) from
explicit training reflects practical constraints and architectural considerations. Tool
selection requires extensive interaction traces capturing relationships between queries,
available tools, and successful execution outcomes—behavioral data that cannot be
synthesized from static examples. This capability must be learned through online
interaction or reinforcement learning from human feedback (Ouyang et al., 2022),
both exceeding supervised fine-tuning scope.
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Context management represents a general conversational capability that modern
instruction-tuned base models already possess. The ability to track entities, resolve
anaphoric references, and maintain topical coherence across multi-turn dialogues is
not domain-specific to finance. Our approach assumes base models’ existing context
management capabilities, developed through large-scale instruction tuning (Wei et
al., 2022), will be preserved during domain adaptation and require no additional
specialization.

3.3.2 Training-Evaluation Separation Strategy

The methodology employs critical separation between training and evaluation data,
designed to test generalization capability rather than memorization. This addresses
a fundamental question for production deployment: can adapted models generalize
to unseen prompt variations within learned task formats?

Design Principle: Training and evaluation sets contain different prompt instances
of the same task types. For example:

¢ Training: “Generate sectors commentary for European Large Cap universe on
2024-11-15"

¢ Evaluation: “Generate sectors commentary for US Technology universe on
2024-12-03”

Both prompts require the same capability (sector-level market analysis with rea-
soning), but differ in specific content (universe, date, market conditions). Models
must learn the task structure and reasoning pattern from training examples, then
apply that learned pattern to novel evaluation instances.

This design mirrors production deployment scenarios: Alyx users pose queries
following familiar patterns (e.g., “analyze sector performance”) but with infinite
variation in specific parameters (which sectors, which date, which market condi-
tions). A model that merely memorizes training examples will fail on novel produc-
tion queries, while a model that learns generalizable task structures will succeed.

3.3.3 Pre-market Training Tasks

The pre-market dataset comprises six task types derived from Alyx’s production re-
quirements, representing core capabilities that define the system’s value proposition
for financial analysts (Table 3.2). These tasks are termed “pre-market” because they
represent production-style training data created to match the format and structure
of actual Alyx queries, enabling models to learn task patterns before evaluation on
held-out instances.

The task distribution reveals strong emphasis on response generation (T3), ac-
counting for five of six primary tasks. This reflects empirical observation from Chap-
ter 2 that the Financial Agent and RAG Pipeline spend the majority of LLM budget
on response synthesis rather than query understanding. The two tasks involving
multi-step reasoning (generate_sectors_commentary and generate_universe_commentary)
are particularly significant for addressing Tree of Thoughts agent requirements (T5,
T6) (Yao et al., 2023b).

Reasoning Requirements in Commentary Tasks

The sector and universe commentary tasks warrant detailed examination due to
multi-step reasoning characteristics. Consider the task structure for generate_sectors_commentary:
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TABLE 3.2: Pre-market training task specifications

Training Task Samples Map Type Description
generate_refined_news 579 T1 Class.  Filter news relevance
generate_stock_highlights 219 T3 Gen. Concise stock analysis
final_proofread_report 42 T3 Gen. Comprehensive  re-
ports
report_summary 91 T3 Gen. Executive summaries
generate_sectors_commentary 223 T3,T5 Reason Sector analy-
sis/synthesis
generate_universe_commentary 226 T3,T5 Reason Universe ranking ex-
planations
generate_report_markdown 8 T3 Gen. Auxiliary markdown
task
Total 1,388 (train) + 348 (val) = 1,736

Input Structure:
¢ Datetime context (e.g., “2024-12-03 09:00:00”)
¢ Universe specification (e.g., “Global Technology Leaders”)

¢ Sector performance data: {sector_name, average_return, top_performers[], bot-
tom_performers[]}

¢ Relevant market events or news
Required Reasoning Steps:

1. Comparative Analysis: Identify relative sector performance (which sectors
outperformed /underperformed)

2. Causal Attribution: Link sector performance to specific market events or macroe-
conomic factors

3. Trend Identification: Recognize patterns across multiple sectors (e.g., defen-
sive vs. cyclical rotation)

4. Synthesis: Generate coherent narrative explaining observed patterns

This task structure requires capabilities beyond simple template filling: the model
must synthesize information across multiple data points, infer causal relationships,
and structure explanations following domain conventions. These characteristics
align closely with the Tree of Thoughts agent’s thought generation process (T5),
where the model must propose multiple reasoning pathways and evaluate their
merit (Yao et al., 2023b).

3.3.4 Iris Evaluation Tasks

The iris evaluation tasks comprise six task types structurally identical to pre-market
training tasks but containing entirely different prompt instances (Table 3.3). These
held-out evaluation examples represent actual Alyx query patterns and serve as the
primary metric for assessing whether adapted models are ready for production de-
ployment.

Critical Design Feature: Zero Data Leakage
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TABLE 3.3: Iris evaluation task specifications and training task corre-

spondence

Evaluation Task Samples Training Task Relationship

iris_relevant_news 209 generate_refined_news Different stock-news
pairs

iris_brief 226 generate_stock_highlights Different stocks and
dates

iris_report_final 56 final_proofread_report Different report con-
texts

iris_report_summary 24 report_summary Different source re-
ports

iris_sectors_commentary 252 generate_sectors_commentary Different
verses/dates

iris_universe_commentary 265 generate_universe_commentary Different
verses/dates

Total 1,032 No prompt overlap with training

The iris evaluation set was created through temporal separation and deliberate
prompt diversification:

¢ Temporal Separation: Evaluation instances reference different time periods
(dates) than training instances, ensuring models cannot memorize specific mar-
ket conditions

¢ Universe Diversification: Evaluation uses different stock universes (e.g., “US
Small Cap” vs. “European Large Cap” in training)

¢ Prompt Variation: Even when task structure is identical, specific input data
(stock names, numerical values, market events) differs completely

This design ensures evaluation measures generalization to novel instances rather
than memorization of training examples. A model achieving high iris evaluation
scores demonstrates the ability to apply learned task patterns to unseen production
scenarios—the capability required for deployment in Alyx.

Connection to Alyx Deployment: The iris tasks are not merely synthetic eval-
uation benchmarks; they are sampled from actual Alyx usage patterns. Strong per-
formance on iris evaluation tasks provides direct evidence that adapted models will
perform well in production deployment, as the evaluation distribution matches the
production query distribution. This direct correspondence distinguishes our evalu-
ation approach from common practices using generic benchmarks such as MMLU
(Hendrycks et al., 2021) or HumanEval (Chen et al., 2021) that may not reflect actual
deployment scenarios.

3.3.5 General Financial Tasks (Ex-premarket)

The ex-premarket dataset comprises five task types distilled from publicly available
financial datasets, providing broad coverage of financial language understanding
and generation capabilities (Table 3.4).

The task distribution exhibits deliberate imbalance, with report summarization
(2a) comprising 32.4% of samples, reflecting empirical importance of summarization
capabilities for the RAG pipeline and report generation tools in Alyx. The relatively
small allocation to financial Q&A (3A, 2.2% of samples) reflects dataset availability
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TABLE 3.4: Ex-premarket task specifications and data sources

Task Type Source Samples

News Extraction Twitter Financial News (Ze- 7,974
roshot, 2023)

News Structuring Financial PhraseBank (Malo et 8,043
al., 2014)

Sentiment Analysis Twitter Financial News (Ze- 8,017

roshot, 2023)

Report Summarization EDGAR-CORPUS (Loukas et 11,923
al., 2021)

Financial Q&A FLARE-CFA (Deng et al., 2023) 825

Total (train) 36,782

constraints rather than task importance; the FLARE-CFA dataset, derived from the
PIXIU benchmark (Xie et al., 2023), represents high-quality expert-annotated reason-
ing examples that are scarce relative to news and report data.

Reasoning Requirements in Financial Q&A

Task 3A (Financial Q&A from FLARE-CFA) merits special attention for its role in
supporting Tree of Thoughts agent’s reasoning capabilities. The FLARE-CFA dataset
contains questions from the Chartered Financial Analyst (CFA) examination, repre-
senting professional-level financial reasoning requirements.

This multi-hop reasoning pattern—retrieve principle, apply computation, inter-
pret result, derive action, qualify with risk considerations—directly parallels the
Tree of Thoughts agent’s iterative reasoning process. By including such examples
in training data, we provide the model with reasoning templates applicable to the
ToT agent’s thought generation (T5) and evaluation (T6) phases.

3.3.6 Training Data Distribution and Rationale

The complete training dataset combines pre-market and ex-premarket tasks, creat-
ing a 1:26.5 ratio between Alyx-specific task formats and broad capability training
(1,388 vs. 36,782 samples in training sets). This imbalance presents both challenges
and opportunities for the domain adaptation methodology.

TABLE 3.5: Complete training data distribution

Component Train Val  Total Y%

Pre-market 1,388 348 1,736  3.6%
Ex-premarket 36,782 9,547 46,329 96.4%

Combined 38,170 9,895 48,065 100%

Challenge: Sample Imbalance and Task Interference

If trained as a single dataset, the ex-premarket tasks would dominate the training
signal by a 26.5:1 ratio, potentially causing the model to underfit the pre-market task
formats that will be evaluated. Standard approaches to address imbalance—such as
temperature-based sampling (Arivazhagan et al., 2019) or loss reweighting—introduce
additional hyperparameters and training instability.

Opportunity: Dual-Adapter Architecture
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The dual-adapter training strategy (detailed in Section 4.5.4) circumvents the im-
balance problem by training separate adapters:

* Adapter A (Pre-market): Specialized for Alyx task formats, trained exclusively
on 1,388 pre-market examples

¢ Adapter B (Ex-premarket): Broad financial capabilities, trained on 46,329 di-
verse examples

This separation enables each adapter to optimize for its task distribution without
interference, while subsequent merging (Chapter 4) explores methods to combine
their complementary knowledge.

3.4 Base Model Selection

3.4.1 Selection Criteria

The choice of base models fundamentally determines capacity, efficiency, and adapt-
ability of final domain-adapted systems. Six models spanning 4B to 20B parameters
were selected based on four primary criteria:

C1: Parameter Efficiency Range (4B—20B) — The parameter range was deliber-
ately bounded to ensure deployment feasibility on single-GPU or small multi-GPU
configurations. Models below 4B parameters typically lack capacity for sophisti-
cated reasoning required by Tree of Thoughts agent, while models exceeding 20B
parameters face prohibitive inference costs that undermine cost-reduction objectives
motivating this research.

C2: Architecture Diversity — The model set includes both dense transformer
architectures (Mistral, Llama, Qwen, Phi) and Mixture-of-Experts (MoE) architec-
tures (DeepSeek-V2-Lite). This diversity enables investigation of whether archi-
tectural choices interact with adapter merging effectiveness—for instance, whether
MoE models’ sparse activation patterns facilitate or impede knowledge combination
during merging.

C3: Instruction-Tuning Foundation — All selected models are instruction-tuned
variants rather than base pre-trained models. Instruction tuning provides a foun-
dation of instruction-following capability and conversational format understanding
that domain adaptation builds upon (Wei et al., 2022). Adapting base pre-trained
models would conflate two distinct adaptation objectives: teaching instruction-following
behavior and teaching domain knowledge.

C4: Reasoning Capability — At least one model (Phi-4-mini-reasoning) was ex-
plicitly selected for demonstrated reasoning capability on chain-of-thought bench-
marks. This addresses Tree of Thoughts agent’s requirements (T5, T6) where multi-
step reasoning is critical. Additionally, larger models (Qwen2.5-14B, GPT-OSS-20B)
are hypothesized to possess stronger inherent reasoning capabilities that may trans-
fer more effectively to financial domain reasoning tasks.

3.4.2 Selected Model Specifications

3.4.3 Architecture-Specific Considerations

Mistral-7B: Sliding Window Attention — Mistral employs sliding window atten-
tion with window size 4096 tokens, enabling efficient processing of long sequences
while maintaining 32K theoretical context length through positional encoding. For
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TABLE 3.6: Base model specifications and selection rationale

Model Identifier Params Arch  Rationale

Mistral-7B mistralai/Mistral-  7.24B Dense Industry baseline
7B-Instruct-v0.3

Llama-3-8B meta-llama/Meta-  8.03B Dense SOTA open
Llama-3-8B- model
Instruct

Qwen2.5-14B Qwen/Qwen2.5- 14.77B  Dense Superior reason-
14B-Instruct ing

Phi-4-mini microsoft/Phi-4- 3.82B Dense Reasoning-
mini-reasoning optimized

DeepSeek-V2-Lite deepseek- 15.7B MoE  MoE efficiency
ai/DeepSeek- test
Coder-V2-Lite

GPT-0S55-20B openai/gpt-oss- 20.0B Dense Scaling upper
20b bound

financial documents, this provides advantageous balance: sliding window captures
local coherence within document sections (critical for report summarization) while
extended positional encodings enable long-range references when needed.

Llama-3-8B: Grouped Query Attention — Llama-3 utilizes grouped query atten-
tion (GQA) with 8 key-value heads grouped for 32 query heads, reducing memory
bandwidth requirements during inference by 4 x relative to standard multi-head at-
tention. This architectural choice directly impacts deployment feasibility: GQA en-
ables batch size increases that improve throughput for production scenarios where
multiple queries must be processed concurrently.

Qwen?2.5-14B: Multilingual Pre-training and Reasoning — Although Alyx oper-
ates primarily in English, Qwen’s multilingual pre-training (English, Chinese, and
27 other languages) provides unexpected benefits for financial text. Financial docu-
ments frequently contain multilingual terminology (e.g., “force majeure,” “ex-dividend”),
technical abbreviations, and mathematical notation—domains where multilingual
models demonstrate superior tokenization efficiency and symbol understanding.
Additionally, Qwen2.5-14B has demonstrated strong performance on mathemati-
cal and logical reasoning benchmarks, making it a strong candidate for reasoning-
intensive iris_sectors_commentary and iris_universe_commentary evaluation tasks.

Phi-4-mini: Reasoning-Focused Training — Phi-4-mini was trained with curricu-
lum emphasizing mathematical reasoning, logical deduction, and multi-step prob-
lem solving. The training data mixture included substantially higher proportions
of mathematical proofs, programming puzzles, and chain-of-thought examples rela-
tive to general instruction-tuned models. This specialization directly addresses Tree
of Thoughts agent’s requirements: the model should more readily generate struc-
tured reasoning pathways and evaluate logical consistency—capabilities central to
T5 and Té6.

DeepSeek-V2-Lite: Mixture of Experts — DeepSeek-V2-Lite employs 64 expert
networks with top-2 routing, meaning each token activates only 2 of 64 experts (3.1%
sparsity). Total parameter count is 15.7B, but effective active parameters per token is
2.4B, providing computational efficiency comparable to much smaller dense models.
This architecture tests a specific hypothesis relevant to adapter merging: do MoE
models” modular expert structures facilitate knowledge combination?

GPT-OSS-20B: Scaling Upper Bound — The largest model serves as an upper
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bound baseline, testing whether parameter scale interacts with domain adaptation
effectiveness. If 20B models show diminishing returns from adaptation relative
to 7-14B models, this suggests that parameter efficiency—not just absolute capac-
ity—drives successful domain specialization.

3.5 Parameter-Efficient Fine-Tuning with LoRA

3.5.1 LoRA Methodology

Low-Rank Adaptation (LoRA) (Hu et al., 2021) enables efficient fine-tuning by in-
jecting trainable low-rank decomposition matrices into frozen pre-trained weights.
Given a pre-trained weight matrix Wy € R¥*, LoRA represents the weight update
as:

W =W+ AW = Wy + BA (3.1)

where B € R¥*" and A € R"** with rank r < min(d, k). The matrices B and A are
trainable while Wy remains frozen. During forward propagation:

h = Wox + BAx = Wox + %BAx (3.2)

where « is a scaling hyperparameter and x is the input activation.

Theoretical Justification: The low-rank constraint embodies an inductive bias
that task-specific adaptations lie in a low-dimensional subspace of the full parame-
ter space. This assumption is supported by empirical observations that fine-tuning
often results in weight updates with significantly lower rank than the full weight ma-
trices (Aghajanyan, Gupta, and Zettlemoyer, 2020). For domain adaptation specifi-
cally, the low-rank constraint can be interpreted as assuming that financial domain
knowledge—learning to generate sector commentary, classify news relevance, or ap-
ply reasoning patterns—requires modifying only a small subspace of the model’s
general language understanding capabilities.

3.5.2 Target Module Selection

LoRA adapters were applied to the four attention projection matrices in each trans-
former layer: query (W,), key (W), value (W,), and output (W,) projections. This
choice reflects empirical findings from the original LoRA paper and subsequent
studies showing that attention projections are the most impactful adaptation targets
for language understanding tasks.

The decision to exclude feed-forward network (FFN) layers from adaptation war-
rants justification. FFN layers in transformers are hypothesized to store factual
knowledge, while attention layers mediate contextual interactions. For domain adap-
tation, we prioritize modifying how the model attends to and combines informa-
tion (attention) rather than directly modifying its factual knowledge base (FFN).
This approach aligns with the objective of adapting reasoning and generation pat-
terns—teaching the model how to structure sector commentary or how to apply finan-
cial reasoning—rather than injecting new facts about specific companies or market
events.

For a 32-layer transformer with hidden dimension d = 4096 and 32 attention
heads, each projection matrix has shape 4096 x 4096. With rank r = 16, each LoRA
injection requires 2 x 4096 x 16 = 131,072 parameters per projection, totaling 524,288
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parameters per layer or 16.78M parameters for the full 32-layer model—approximately
0.23% of a 7B parameter base model.

3.5.3 LoRA Hyperparameter Configuration

TABLE 3.7: LoRA hyperparameter specification

Hyperparameter Value Justification

Rank () 16 Standard practice for 7B+ models; bal-
ances expressiveness and efficiency

Alpha (x) 16 Set equal to rank (a/r = 1); maintains
learning rate parity

Dropout 0.1 Regularization to prevent overfitting on
small domain datasets

Bias none Reduces parameter count without perfor-
mance degradation

Task Type CAUSAL_LM Autoregressive generation appropriate

for all tasks
Target Modules  [q_proj, k_proj, v_proj, o_proj] Most impactful adaptation targets

Rank Selection Analysis: The choice of rank r = 16 merits detailed justification.
Define the compression ratio as:

2Xd X1 X Nayers X4 2r

P= Mayers X4 d (33)

For d = 4096 and r = 16: p = 253 = 0.0078 or 0.78%

This represents a 128 x parameter reduction relative to full fine-tuning of atten-
tion layers. The compression ratio directly determines: (1) memory requirements:
LoRA adapters require 128 x less memory for parameter storage, (2) training speed:
backward pass computations scale with trainable parameter count, (3) storage costs:
multiple adapters can be stored efficiently (each adapter 50MB vs. full model 14GB
for 7B models).

3.5.4 Initialization Strategy
LoRA matrices were initialized following the scheme proposed by (Hu et al., 2021):
* Matrix A initialized with random Gaussian: A ~ N'(0,0?) where o = 1/+/r

e Matrix B initialized to zero: B =0

This initialization ensures that at training start, the adapted weights equal the
pre-trained weights: W = Wp 4+ BA = Wy +0- A = Wj. This provides stable training
initialization—the model begins with its pre-trained behavior and gradually learns
domain-specific adaptations.

3.5.5 Trainable Parameter Analysis

The remarkably consistent trainable percentages (0.08-0.13%) across diverse archi-
tectures validate the parameter efficiency of LoRA. Even our largest evaluated model
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TABLE 3.8: Trainable parameter counts and efficiency metrics

Model Total Params LoRA Params Trainable % Reduction
Phi-4-mini 3.82B 4.19M 0.110% 912 x
Mistral-7B 7.24B 8.39M 0.116% 863 x
Llama-3-8B 8.03B 10.49M 0.131% 765 X
Qwen2.5-14B 14.77B 17.04M 0.115% 867 x
DeepSeek-V2-Lite 15.7B (2.4B active) 12.58M 0.080% 1248 x
GPT-0SS-20B 20.0B 24.12M 0.121% 829 x

(Qwen2.5-14B with 14.77B parameters) requires only 17.5M trainable parameters—representing
just 0.12% of the base model and still less than the total parameter count of BERT-

base (110M parameters). This demonstrates that LoORA enables practical fine-tuning

of billion-parameter models with memory footprints comparable to training small

models from scratch.

3.6 Training Configuration

3.6.1 Training Hyperparameters

TABLE 3.9: Training hyperparameter specification

Category Parameter Value Justification
Precision bfl6 True Better dynamic range than fp16
Batch per_device_batch 1 Memory constraint
gradient_accum 16 Effective batch = 256
Memory gradient_ckpt True 30-40% memory reduction
max_grad_norm 1.0 Gradient clipping for stability
Schedule num_epochs 6 Sufficient convergence
learning_rate 5x 1076 Conservative for fine-tuning
Ir_scheduler constant+warmup  Stable after warmup
warmup_steps 600 ~2.3% of total steps
Optimizer optim adamw_torch Adam with weight decay
weight_decay 0.01 L2 regularization
Checkpointing save_steps 500 Balance storage/recovery
save_total_limit 5 Retain last 5 checkpoints

Learning Rate Selection: The learning rate of 5 x 10~ was determined through
a learning rate sweep on a held-out validation set from Llama-3-8B. Learning rates
in the range {1 x 107%,5 x 107%,1 x 107°,5 x 107°} were evaluated, with 5 x 10~°
providing the best trade-off between convergence speed and final validation loss.
Higher learning rates exhibited training instability with loss spikes, while lower
rates converged too slowly.

The choice of constant learning rate with warmup (rather than cosine annealing
or linear decay) reflects two considerations: (1) simplicity: eliminates hyperparam-
eters related to decay schedules, (2) multi-adapter compatibility: constant rates en-
sure adapters trained on different datasets receive consistent optimization dynamics,
facilitating fair comparison during merging.
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Effective Batch Size: The effective global batch size combines micro-batch size,
gradient accumulation, and distributed training;:

Bseff = Bsmicro X Naccum X ngu =1x16 x16 =256 (34)

This effective batch size of 256 represents a standard choice for fine-tuning tasks,
large enough to provide stable gradient estimates while small enough to retain gen-
eralization capability.

3.6.2 Hardware Infrastructure

Training was conducted on the CINECA Leonardo supercomputer (CINECA, 2024),
a Tier-0 European HPC facility. The hardware configuration leverages multiple nodes
with high-bandwidth interconnects to enable efficient data-parallel training: 4 nodes
with 4x NVIDIA A100 80GB per node (16 total GPUs), NVIDIA NVLink (intra-
node) + InfiniBand HDR 200 Gb/s (inter-node), parallel file system (Lustre) with
100 GB/s aggregate bandwidth.

The four-node configuration was selected to balance training speed and resource
efficiency. Scaling analysis indicated that beyond 16 GPUs, communication over-
head from gradient synchronization across nodes begins to diminish per-GPU effi-
ciency for models in the 7-14B range.

3.6.3 Distributed Training with DeepSpeed ZeRO-3

DeepSpeed’s Zero Redundancy Optimizer (ZeRO) (Rajbhandari et al., 2020) Stage
3 partitions optimizer states, gradients, and model parameters across GPUs to dra-
matically reduce per-GPU memory consumption. For a model with P parameters
trained on N GPUs, memory consumption per GPU:

Standard Data Parallel: Mcpy = P+ P+ 2P+ KP = (4 +K)P

ZeRO-3: Mcpy = & + 5 + 3 + KP = 37 +KP

For N = 16 GPUs and ignoring activations (K ~ 0 with gradient checkpoint-
ing), ZeRO-3 reduces parameter-related memory by 16 x relative to standard data
parallelism.

3.6.4 Training Duration and Resource Utilization

TABLE 3.10: Training duration per model (16 x A100 80GB)

Model Pre-market Ex-premarket Total
Phi-4-mini 1.2h 5.8h 7.0h
Mistral-7B 1.8h 8.9h 10.7h
Llama-3-8B 2.1h 10.2h 12.3h
Qwen2.5-14B 3.5h 17.1h 20.6h
DeepSeek-V2-Lite 2.8h 13.6h 16.4h
GPT-OSS-20B 4.8h 23.4h 28.2h
Total 16.2h 79.0h 95.2h

Total training time across all models and adapters was 95.2 wall-clock hours, con-
suming 1,523 GPU-hours of A100 compute. At commercial cloud pricing for A100
80GB instances (~$3.00/ GPU-hour), the total training cost would be approximately
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$4,569. This represents a substantial reduction relative to full fine-tuning, which
would require approximately $585,000 (128 x cost reduction).
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Chapter 4

Adapter Merging Methods

4.1 Overview and Motivation

The dual-adapter training strategy from Chapter 3 produces two specialized LoRA
adapters: Adapter A trained on pre-market tasks (1,388 samples) and Adapter B
trained on ex-premarket tasks (36,782 samples). These adapters represent comple-
mentary specializations—Adapter A excels at Alyx-specific task formats (sector com-
mentary, universe rankings) while Adapter B provides broad financial capabilities
(news analysis, report summarization, reasoning).

The central challenge: how can we combine these specialized adapters into a sin-
gle multi-task model preserving both strengths without catastrophic interference? This
problem—adapter merging or model merging—has received significant attention
(Ilharco et al., 2023; Yadav et al., 2023; Yu et al., 2024), motivated by the observa-
tion that combining separately-trained task vectors through algebraic operations can
produce multi-task models without additional training.

4.1.1 The Adapter Merging Problem

Formally, let 8y denote base pre-trained model parameters, and let 64 and 6z denote
parameters after fine-tuning with LoRA adapters A and B. Following task arithmetic
(Ilharco et al., 2023), we define task vectors as:

Ta = 9A — 90 and B = 93 — 90 (41)

The task vectors T4 and 7p represent parameter-space directions encoding domain-
specific knowledge learned during fine-tuning. In LoRA parameterization, each
comprises learned low-rank matrices {B("), A()} L_, across all L transformer layers.

The merging problem seeks a combined task vector Tpergeq Such that Omerged =
60 + Tmerged performs well on tasks from both domains. The simplest approach—averaging;:

TA+T
Tmerged = & * 4 > B (4.2)

where « controls magnitude. However, naive averaging faces several challenges
motivating sophisticated merging methods.

4.1.2 Challenges in Adapter Merging

Challenge 1: Parameter Interference — When task vectors contain conflicting param-
eter updates (one increases a weight while another decreases it), simple averaging
produces a compromise degrading performance on both tasks. This parameter inter-
ference occurs when adapters learn incompatible task-specific features (Yadav et al.,
2023).
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Challenge 2: Redundant Parameters — Not all parameters contribute equally to
task performance. Many exhibit small magnitudes and may represent noise or over-
fitting. Including redundant parameters dilutes the contribution of truly important
parameters.

Challenge 3: Magnitude Imbalance — Task vectors can exhibit vastly different
parameter magnitudes due to differences in dataset size (1,388 vs. 36,782 samples),
task difficulty, or learning dynamics. Without proper normalization, the higher-
magnitude adapter may dominate the merge.

Challenge 4: Task Distribution Mismatch — Adapter A and Adapter B target
different task distributions—Alyx-specific formats versus broad financial capabili-
ties. The merged model must generalize to both without catastrophic forgetting of
either specialization.

4.1.3 Evaluation Objectives

This chapter presents eight adapter merging methods addressing these challenges
through different mechanisms: parameter trimming, sign conflict resolution, dropout-
based sparsification, SVD-based projection, orthogonalization, regularization, and
dynamic selection. Methods are evaluated based on three objectives aligned with
Chapter 3 research hypotheses:

Objective 1: Preservation of Specialized Knowledge — The merged adapter
must maintain performance on tasks each individual adapter was trained for. Merged
adapters should perform comparably to Adapter A on iris tasks and maintain Adapter
B’s broad financial capabilities.

Objective 2: Superiority over Combined Training — The merged adapter should
outperform combined fine-tuning baseline (single adapter trained on all 38,170 sam-
ples). This validates that task isolation followed by merging is superior to joint
multi-task training under severe sample imbalance.

Objective 3: Multi-Task Generalization — The merged adapter must generalize
to held-out evaluation instances (iris tasks) differing in content from training exam-
ples while maintaining task structure.

4.1.4 Merging Methods Overview

Table 4.1 summarizes the eight merging methods. Methods span from simple alge-
braic operations (Task Arithmetic, RegMean) to sophisticated techniques involving
SVD (ISO, TSV), conflict resolution (TIES), stochastic sparsification (DARE), orthog-
onalization (DO-Merging), and dynamic selection (LoGo).

TABLE 4.1: Overview of adapter merging methods

Method Core Mechanism Complexity Key Hyperparame-
ters

Task Arithmetic Weighted averaging Low « (mixing weight)

DARE Random  dropout + Low-Medium p (drop prob), «
rescale

TIES Trim + elect sign + merge  Medium topK (%), a

ISO SVD projection (isotropic) Medium «

TSV Singular vector reduction Medium-High sv_reduction, «

DO-Merging Decouple + orthogonalize High n_orth_steps, orth_Ir

RegMean L2 regularization Low A (reg strength)

LoGo Dynamic per-instance Medium k (top-k), signal_type
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Methods are organized by increasing sophistication: Sections 4.2.1-4.2.3 present
foundational algebraic methods, Sections 4.2.4—4.2.5 introduce SVD-based approaches,
and Sections 4.2.6—4.2.8 explore advanced techniques.

4.2 Merging Methods

4.2.1 Task Arithmetic

Task Arithmetic, introduced by (Ilharco et al., 2023), establishes the foundational
framework for weight-space model merging. The core insight: task vectors repre-
senting parameter-space direction from pre-trained to fine-tuned weights can be ma-
nipulated through algebraic operations (addition, subtraction, scaling) to edit model
behavior without additional training.

Theoretical Foundation

Task arithmetic rests on two key observations. First, fine-tuning on a specific task

produces a predictable parameter-space trajectory captured as vector T = 6 — Opre.

Second, this task vector can be applied at varying magnitudes to control task special-

ization degree, or combined with other task vectors to produce multi-task models.
Given base model 6 and fine-tuned models 64, 05:

Tp = 9A — 90 and g = 93 — 90 (43)
Merged model parameters:

Ta+ TB
2

where a € [0, 2] controls magnitude. Setting « = 1 preserves average task vector
magnitude, while « > 1 amplifies and a« < 1 attenuates the merged update.

Gmerged =6p+a- (4.4)

a) Task vectors b Forgetting via negation | o) Learning via addition d} Task analogies

O,ﬁ T Toew = TA + TR Thew = T+ (Tis’ - T.-'l]
it

TA ™ /
O
o "
Tnew = —T
H]n_(_

Example: making a
7= — Opre language model produce
less toxic content

Example: building a Example: improving
multi-task model domain generalization

FIGURE 4.1: Task vector arithmetic for model editing (adapted from
(Ilharco et al., 2023)). Panel (a): task vector extraction T = 6g — Opre-
Panel (b): negating task vector degrades performance. Panel (c):
adding task vectors creates multi-task models—foundational concept
for weight-space merging. Panel (d): task analogies enable transfer-
ring knowledge across domains. In financial adapter merging, we
apply operation (c) to combine pre-market specialization (74) with
ex-premarket capabilities (p).

Figure 4.1 visualizes task arithmetic operations. Key insight for our application
is panel (c): adding task vectors T4 + Tg produces a merged model combining spe-
cialized knowledge. This operation is parameter-efficient (no additional training)
and compositional (additional task vectors can be added incrementally).
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Application to Financial Adapters

For dual-adapter training, Task Arithmetic provides straightforward merging base-

line. Adapter A, trained exclusively on 1,388 pre-market samples, learns Alyx-

specific formats. Adapter B, trained on 36,782 ex-premarket samples, develops broad

financial capabilities. Task vectors represent these complementary specializations.
The merged adapter combines both through simple averaging:

Ta + TB
Tmerged = & - > (4.5)

This formulation implicitly assumes task vectors are approximately orthogo-
nal—they encode largely independent specialization directions combinable without
interference. Empirical analysis by (Ilharco et al., 2023) supports this: task vectors
for different tasks typically exhibit cosine similarities near zero.

However, this assumption may not hold perfectly. Both adapters operate in fi-
nance and share underlying language understanding. Some parameters may encode
domain-general knowledge (financial terminology, numerical reasoning) that both
adapters modify, creating potential interference.

Algorithm Specification

Algorithm 1 Task Arithmetic Merging for LoORA Adapters

Require: Base model 0y, Adapters 0,4, 0, Mixing weight «
Ensure: Merged adapter Opmerged
1: Compute task vectors:
:TA 04— 6
:Tg < 0 — 69
: Average and scale:
: for each parameter k do
Tmerged (k] <= & - (Ta[k] + T8]K])/2
: end for
: Apply to base model:
: Qmerged < 0o+ Tmerged
: return Operged

O ® N U R W N

—_
=]

The algorithm operates on LoRA adapter parameters rather than full model weights,
significantly reducing computational cost. For a 7B model with rank-16 adapters,
task vectors contain approximately 8.4M parameters each (0.12% of full model),
making averaging extremely efficient (< 5 seconds on CPU).

Hyperparameter Selection

Task Arithmetic has single hyperparameter: mixing weight «. Following (Ilharco
et al., 2023), we set & = 1.0 to preserve average task vector magnitude. Preliminary
experiments explored « € {0.5,0.7,1.0,1.3,1.5} on Mistral-7B. Performance was rel-
atively insensitive to « in [0.7, 1.3], with a« = 1.0 providing slightly superior average
performance.

Computational Complexity

Task Arithmetic’s computational cost is minimal:



4.2. Merging Methods 37

e Time: O(P) for averaging and scaling. For 8.4M parameter adapters, merging
completes in 3-5 seconds on CPU.

e Space: O(P) to store merged adapter. Peak memory: 3P (two input adapters
plus merged output).

* Training Cost: Zero—no gradient computation.

This efficiency makes Task Arithmetic attractive for rapid prototyping. Multiple
configurations can be evaluated in minutes versus hours/days for retraining.

Limitations and Failure Modes

Task Arithmetic’s simplicity comes with limitations:

Sign Conflicts — When 74 [k] and (k| have opposite signs, averaging produces
near-zero merged value even if both updates are important. This causes catastrophic
forgetting.

Redundant Parameters — Task Arithmetic averages all parameters equally, giv-
ing redundant low-magnitude parameters the same weight as critical high-magnitude
parameters, diluting important contributions.

No Adaptivity — The method applies uniform merging across all parameters,
ignoring heterogeneous parameter importance.

These limitations motivate sophisticated methods. TIES (Section 4.2.3) addresses
sign conflicts through explicit resolution, DARE (Section 4.2.2) handles redundancy
through stochastic sparsification, and LoGo (Section 4.2.8) introduces adaptivity through
dynamic selection.

4.2.2 DARE: Drop And REscale

DARE (Drop And REscale), introduced by (Yu et al., 2024), addresses a fundamental
Task Arithmetic limitation: assuming all parameters contribute equally. Empirical
analysis reveals many parameters in fine-tuned task vectors exhibit small magni-
tudes and contribute minimally to task-specific capabilities. Including redundant
parameters dilutes truly important contributions and introduces noise.

DARE's core innovation: randomly drop a large fraction of parameters (typically
60-90%) from each task vector before merging, then rescale remaining parameters
to preserve expected magnitude. This stochastic sparsification filters redundancy
while maintaining overall parameter distribution.

Theoretical Motivation

DARE rests on two observations about fine-tuned task vectors:

Observation 1: Heavy-Tailed Magnitude Distribution — Task vectors exhibit
heavy-tailed magnitude distributions: a small fraction of parameters have large
magnitudes while the majority cluster near zero. In typical rank-16 LoRA adapters,
approximately 70-80% of parameters have magnitudes below median.

Observation 2: Random Sparsification Preserves Important Parameters - When
dropping parameters randomly with probability p, important high-magnitude pa-
rameters survive multiple trials more likely than low-magnitude parameters. Over
the ensemble of possible dropout masks, expected contribution of each parameter is
proportional to its magnitude.

Consider parameter 6; with magnitude |6;|. Under random dropout with proba-

bility p:
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E[6i] = (1—p) -6 (4.6)

To maintain expected magnitude, DARE rescales surviving parameters by %

0; . o
o — { 7 with probability 1 — p 4.7)

0 with probability p

This ensures E[0/] = 6;, preserving expected parameter distribution while intro-
ducing beneficial sparsity.

Abilities on Math- and Code-related Tasks:
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(b) Merging models with and wnhuut DARE on math- and code-related tasks.

FIGURE 4.2: DARE mechanism (adapted from (Yu et al.,, 2024)).
Panel (a): standard fine-tuning versus DARE-enhanced fine-tuning.
Two-step process—randomly drop delta parameters and rescale by
1/(1 — p)—reduces redundancy while preserving expected magni-
tudes. Panel (b): merging multiple adapters using DARE. For finan-
cial adapters, DARE applies independently to 84 and 6z with p = 0.7
before averaging, mitigating interference from redundant parame-
ters.

Figure 4.2 visualizes DARE. Panel (a) shows the two-step process: dropout cre-
ates sparse task vectors, followed by rescaling. Panel (b) demonstrates merging mul-
tiple adapters—combining pre-market and ex-premarket specializations after inde-
pendent sparsification.

Application to Financial Adapters

For dual-adapter merging, DARE addresses disparity in training set sizes (1,388 vs.
36,782 samples). Adapter A, trained on fewer examples, may contain more over-
fitting artifacts. Adapter B likely contains more robust patterns but may include
redundant parameters from diverse ex-premarket tasks.

DARE's stochastic sparsification treats both symmetrically: each undergoes in-
dependent random dropout with p = 0.7, retaining only 30% of parameters. The
rescaling factor 55 ~ 3.33 amplifies surviving parameters.

The merged task vector:
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DARE(7y4,p) + DARE(T13,
Tmerged = ( A p) ) ( B p) (48)

Algorithm Specification

Algorithm 2 DARE Merging for LoORA Adapters

Require: Base 0y, Adapters 04, 0p, Drop prob p, Mixing a
Ensure: Merged Omerged
1: Compute task vectors:

:Ta—04—0), T3 0 —0H

: Apply DARE:

: foreach 7 € {14,173} do

for each 2D matrix t[k| do
mask ~ Bernoulli(1 — p) > Keep with prob 1 — p
T[k] < T[k] ® mask > Dropout
Tk] < 7[k]/(1—p) > Rescale

end for

: end for

: Average and scale:

* Tmerged - (TA + TB)/Z

: Hmerged <6+ Tmerged

: return Operged

R AL
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The algorithm applies dropout only to 2D weight matrices (LoRA A and B ma-
trices) while leaving 1D bias vectors unchanged. This reflects that bias terms are
typically sparse and low-dimensional, making dropout unnecessary.

Hyperparameter Configuration

DARE has two hyperparameters:

¢ Drop probability p: Set to 0.7 following (Yu et al., 2024). This balances sparsi-
fication benefits against information loss.

* Mixing weight a: Set to 1.0, preserving expected magnitudes after rescaling.

Computational Complexity

DARE’s overhead relative to Task Arithmetic is modest:

e Time: O(P) for dropout mask generation and application. Bernoulli sampling
adds < 1 second for 8.4M parameters.

¢ Total Merging Time: Approximately 8-10 seconds on CPU versus 3-5 seconds
for Task Arithmetic.
Expected Benefits and Limitations
Expected Benefits:

* Redundancy Filtering: Dropping 70% of parameters eliminates low-magnitude
noise
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* Interference Reduction: Sparse task vectors have fewer overlapping non-zero
parameters

¢ Improved Generalization: Stochastic sparsification acts as implicit regulariza-
tion

Limitations:

¢ Information Loss Risk: Aggressive dropout may discard important low-magnitude
parameters

¢ Stochasticity: Different random seeds produce different merged models

¢ No Adaptivity: Uniform dropout probability across all parameters

4.2.3 TIES-Merging: Trim, Elect Sign, and Merge

TIES-Merging, introduced by (Yadav et al., 2023), addresses two fundamental chal-
lenges neither Task Arithmetic nor DARE fully resolve: (1) redundant parameters
contributing minimal task-specific information, (2) sign conflicts where task vectors
disagree on parameter update direction. Through a three-stage pipeline—trim, elect
sign, disjoint merge—TIES systematically eliminates interference while preserving
complementary knowledge.

Theoretical Foundation

TIES identifies three parameter relationship types when merging:

Type 1: No Interference — Parameters where task vectors agree on both sign and
magnitude exhibit no interference. Averaging preserves both contributions.

Type 2: Redundant Parameters — Parameters with very small magnitudes con-
tribute negligible information. Including these dilutes important contributions and
introduces noise.

Type 3: Sign Conflicts — Parameters where task vectors have opposite signs cre-
ate destructive interference when averaged. Simple averaging produces near-zero
merged value even when both updates are important, causing catastrophic forget-
ting.

(Yadav et al., 2023) demonstrate empirically that sign conflicts and redundant
parameters are pervasive in multi-task merging. Without explicit resolution, these
interference patterns severely degrade merged model performance.

Figure 4.3 visualizes TIES pipeline. Each stage addresses specific interference:
trimming eliminates redundancy (Type 2), sign election resolves conflicts (Type 3),
disjoint merging combines aligned parameters without interference.

Figure 4.4 contrasts the three types. Key insight: different parameters exhibit
different interference patterns—uniform merging treats all cases identically and fails
to optimize for each scenario. TIES adapts merging strategy per-parameter.

Three-Stage Algorithm

Stage 1: Trim Redundant Parameters — For each parameter position k, compute
magnitudes across task vectors: {|t4[k]|, |ts[k]|}. Retain only top-K% by magnitude
(typically K=20%). Parameters below threshold are set to zero.

Stage 2: Elect Sign via Majority Voting — After trimming, for each position k,
identify signs of non-zero trimmed values: {sign(%alk]),sign(Tg[k])}. Elected sign
v[k] by majority:
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Trimmed Task Vectors T

Task Vectors ™

FIGURE 4.3: TIES-Merging algorithm overview (adapted from (Ya-
dav et al., 2023)). Task vectors T from multiple models (color-coded
arrows) proceed through three stages: (1) Trim: retain top 20% of
parameters by magnitude, filtering redundant low-magnitude val-
ues (dotted arrows); (2) Elect Sign: resolve conflicts by majority vot-
ing to determine consensus sign 7,; (green vector of +1/-1); (3) Dis-
joint Merge: average only values aligning with elected sign, produc-
ing final merged task vector 7,;. Applied to financial adapters, TIES
resolves conflicts between pre-market and ex-premarket specializa-
tions.

Original Values Merged Values
ml- Model 1 =3 Model 2 Mean == TIES

v
D Mo Intarference O Redundant O Sign Conflict

FIGURE 4.4: Types of parameter interference (adapted from (Yadav et

al., 2023)). Three scenarios: No Interference (left)—parameters agree

in sign/magnitude, simple averaging works; Redundant Parameters

(center)—small-magnitude parameters (dotted) dilute contributions,

TIES trimming removes them; Sign Conflict (right)—opposing signs

cause destructive interference when averaged (orange), TIES elect-
sign resolves through majority voting (green).
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[k = sign ( )y fi[k]> (4.9)
ie{A,B}
For two adapters, if magnitudes differ and signs oppose, the larger-magnitude
adapter dominates.
Stage 3: Disjoint Merge — For each position k, average only values aligning with
elected sign:

Tmerged [k] = A ie%k] (K] (4.10)

where A[k] = {i : sign(%i[k]) = 7[k]}. Parameters disagreeing with elected sign
are excluded—hence "disjoint" merging.

Application to Financial Adapters

For dual-adapter merging, TIES addresses specific challenges from pre-market/ex-
premarket disparity:

Challenge 1: Redundancy from Small Dataset — Adapter A, trained on only
1,388 samples, may contain overfitting parameters. TIES trimming (retaining top
20%) filters these while preserving robust Alyx-specific patterns.

Challenge 2: Magnitude Imbalance — The 26.5:1 sample size ratio may cause
Adapter B to develop larger-magnitude parameters. TIES trimming normalizes by
focusing on relative magnitudes within each parameter position.

Challenge 3: Task-Specific Conflicts — Pre-market tasks (sector commentary) re-
quire different feature extraction than ex-premarket tasks (news classification). TIES
sign election and disjoint merge resolve these conflicts without catastrophic forget-
ting.

Hyperparameter Configuration

TIES has two hyperparameters:

¢ Top-K percentage: Set to 20%, following (Yadav et al., 2023). This retains im-
portant parameters while filtering 80% of redundant values.

* Mixing weight a: Set to 1.0 for consistency.

Computational Complexity

TIES incurs higher cost than Task Arithmetic:

e Time: O(P) for each stage (trimming, election, merging). Total: O(P) with
~ 3x higher constant factor.

¢ Total Merging Time: Approximately 12-18 seconds on CPU versus 3-5 sec-
onds for Task Arithmetic.

Expected Benefits and Limitations

Expected Benefits:
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* Robust Conflict Resolution: Sign election explicitly resolves parameter-level
conflicts causing catastrophic forgetting in Task Arithmetic

¢ Adaptive Redundancy Filtering: Unlike DARE’s stochastic dropout, TIES de-
terministically identifies and removes redundant parameters

¢ Consistent Performance: Deterministic (no random seed dependence)
Limitations:

¢ Computational Overhead: 34 x Task Arithmetic merging time

¢ Hyperparameter Sensitivity: Optimal K may vary by domain

e Two-Adapter Simplification: TIES designed for many adapters; benefits less
pronounced with only two

4.2.4 ISO: Isotropic Merging

Isotropic Merging addresses a subtle challenge: task vectors often exhibit anisotropic
structure where a small number of dominant singular values capture most vari-
ance. This anisotropy can cause merged models to overemphasize certain feature
directions while underrepresenting others, leading to suboptimal multi-task perfor-
mance.

ISO resolves this through Singular Value Decomposition (SVD): task vectors are
projected into an isotropic space where all singular values are equalized, then rescaled
by mean singular value to maintain expected parameter magnitudes. This spectral
flattening ensures all learned feature directions contribute equally to the merged
model.

Theoretical Motivation

Consider task vector T as weight matrix W € R¥*k. SVD factorization:

w=uzvT (4.11)

where U € R¥" and V € R¥*" are orthonormal matrices, and ¥ € R"* is
diagonal matrix of singular values oy > 0 > ... > ¢ > 0.

Singular values encode importance of each feature direction: large o; capture
substantial variance, small ¢; represent minor variations. When averaging task vec-
tors with heterogeneous singular value distributions, merged model inherits a weighted
combination that may not optimally balance both adapters.

ISO constructs isotropic approximation:

Wiso = UVT (4.12)

removing singular values entirely, creating a matrix where all feature directions
have equal importance. To maintain appropriate scales, ISO rescales by mean singu-
lar value:

1 r
Winerged = 0 - UV where 7 = - Y o (4.13)
i=1

This ensures Frobenius norm approximates original, preventing magnitude col-
lapse or explosion.
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Application to Financial Adapters

For dual-adapter merging, ISO addresses magnitude imbalance from disparate train-
ing set sizes (1,388 vs. 36,782 samples). Adapter B, trained on substantially more
data, likely develops task vectors with larger dominant singular values potentially
dominating naive averaging. Adapter A’s smaller training set may produce flatter
singular value spectra but lower overall magnitudes.

ISO’s spectral flattening equalizes these contributions: both adapters undergo
isotropic projection independently before averaging, ensuring pre-market special-
izations and ex-premarket capabilities receive balanced representation regardless of
original magnitude distributions.

Hyperparameter Configuration
ISO has single hyperparameter:

¢ Mixing weighta: Set to 1.0, preserving expected magnitudes after isotropic
projection and mean singular value rescaling.

Unlike TIES (requiring tuning K) or DARE (requiring tuning p), ISO is parameter-
free beyond standard mixing weight, making it attractive when hyperparameter
tuning is infeasible.

Computational Complexity

ISO’s primary cost arises from SVD:

e Time: O(d - k- min(d, k)) per matrix for SVD. For LoRA matrices (d = 4096,
k = 16), approximately O(d - k*). Total merging time: 35-50 seconds on CPU
or 15-25 seconds on GPU.

* Space: O(d - k) for storing SVD components temporarily. Peak memory: 5P.

The increased cost relative to Task Arithmetic (7—10x) reflects spectral analysis
sophistication, justified if ISO provides meaningful improvements.

Expected Benefits and Limitations

Expected Benefits:
¢ Balanced Feature Representation: Isotropic projection ensures all learned fea-
ture directions contribute equally

* Robustness to Magnitude Imbalance: Normalizing singular value distribu-
tions mitigates imbalance from disparate training set sizes

¢ Theoretical Elegance: Grounded in spectral theory, providing principled ap-
proach

Limitations:

¢ Information Loss: Removing singular values discards variance information
that may be important for task performance

¢ Computational Expense: SVD significantly more expensive than simple aver-
aging

* No Redundancy Filtering: Unlike TIES or DARE, ISO doesn’t explicitly filter
redundant parameters
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4.2.5 TSV: Task Singular Vectors

Task Singular Vectors (TSV), extending ISO’s SVD-based approach, addresses how
to combine task-specific subspaces learned by different adapters without interfer-
ence. While ISO flattens singular value spectra, TSV focuses on combining singular
vector structures themselves, constructing a merged subspace spanning the union
of task-specific feature directions.

The core insight: each adapter learns a low-rank subspace in parameter space
encoding task-specific knowledge. Rather than averaging parameters directly (Task
Arithmetic) or flattening spectra (ISO), TSV concatenates singular vector decompo-
sitions from both adapters, re-orthogonalizes the combined representation, and re-
constructs merged parameters from this unified subspace.

Theoretical Foundation

Given task vectors 74 and 13 as weight matrices, TSV computes SVD decomposi-
tions:

Ty = UpZa V] (4.14)
B = LIBZBVBT (4-15)
For rank-r LoRA adapters, each contains r singular vectors/values. TSV in-

troduces reduction factor p = 1/N where N is adapter count (for two adapters,
p = 0.5):

k=|r-p] =|r/2] (4.16)

Top-k singular components from each adapter are concatenated:

Uconcat = [Ual:,: k] | Ugl:,: k] (4.17)
2concat = [ZA[: k] | ZB[: k“ (418)

These concatenated matrices contain 2k components representing combined sub-
space. To ensure orthogonality, TSV re-orthogonalizes through additional SVD, then
reconstructs merged weight matrix.

Application to Financial Adapters

For dual-adapter merging, TSV’s subspace combination is well-suited to comple-
mentary specializations. Adapter A learns r/2-dimensional subspace encoding Alyx-
specific formats (sector commentary patterns). Adapter B learns separate r /2-dimensional
subspace encoding broad financial capabilities (news analysis patterns).

TSV merges these into unified r-dimensional representation expressing both spe-
cializations simultaneously. The reduction factor p = 0.5 ensures equal contribution
regardless of original training set sizes.

Hyperparameter Configuration

TSV has two hyperparameters:

* Reduction factor p: Set to 1/N = 0.5 for two adapters
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* Mixing weight «: Set to 1.0

Computational Complexity

TSV is the most computationally expensive method:

¢ Time: Multiple SVD operations (initial decompositions plus re-orthogonalization).
Total: 50-70 seconds on CPU or 2540 seconds on GPU, roughly 10-15 x slower
than Task Arithmetic.

Expected Benefits and Limitations
Expected Benefits:

* Subspace Union: Explicitly constructs merged subspace spanning both task-
specific feature directions

¢ Equal Contribution: Reduction factor ensures balanced representation
Limitations:

¢ Rank Constraint: For rank-16 LoRA with p = 0.5, each adapter contributes
only 8 singular components, potentially losing important high-rank informa-
tion

¢ Computational Expense: Multiple SVDs make TSV slowest method

¢ Complexity Without Clear Benefit: Sophisticated subspace construction may
not provide advantages if task vectors are already approximately orthogonal

4.2.6 DO-Merging: Decouple and Orthogonalize

DO-Merging addresses a sophisticated challenge: task vectors contain both magni-
tude information (how much to update) and direction information (which parameter-
space direction). When adapters learn from vastly different dataset sizes or task
difficulties, magnitude distributions differ substantially, causing naive averaging to
produce suboptimal merged models dominated by high-magnitude adapters.

DO-Merging’s core innovation: decouple magnitude and direction, process them
separately, then recombine. Magnitude components are averaged to balance con-
tributions, while direction components are orthogonalized through iterative gradient
descent to minimize interference.

Theoretical Motivation

Consider task vector as weight matrix AW € R?*¥ where each column AWT[:, j] rep-
resents updates for j-th output dimension. DO-Merging decomposes column-wise:

AW, j] = m; - d; (4.19)
where m; = [[AW[;, j]||2 is magnitude (L2 norm), and dA]- = AW, j]/m; is unit-
norm direction vector.
Cl:or two adapters with decompositions {m;“, d]A} and {mf , d? }, DO-Merging pro-
ceeds:
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Stage 1: Average Magnitudes

A B
mmersed ey (4.20)
J 2
Stage 2: Orthogonalize Directions — Rather than averaging directions directly,
seek orthogonalized directions {d]A,dNJB} minimizing mutual inner products while

staying close to originals:

k
min || — d2&| 2+ ||dB —dP|[2+ A - (d2 - dB)? (4.21)
@t A [ i T4 i Y i }
subject to ||d~JA|| = ||d~]BH = 1. Solved through iterative gradient descent with

learning rate 7 = 5 x 10~% over T = 20 steps.
Stage 3: Merge Orthogonalized Components

WT=(BA)* — Mugnitude™s Direction®

dt +db
. merged
AI/vmerged[:r]] = m] ged . J T 5 J (4.22)
.~ Observation » ,»~  DO-Merging “s. " Inference
LoRA 1 LoRA2 f LoRA 1 LoRA2 LoRAn
@ @ L[ [A\-—"—[&\ |
! : L I):':Fn—qalu T :
1 s 1
]

']

Merged Pre-trained
Model Model

-

Iis
similur’

[ —

[ i n — [ SR —

FIGURE 4.5: DO-Merging framework. Observation (left)—large vari-
ations in parameter ranges cause merging issues; DO-Merging (cen-
ter)—core algorithm decouples magnitude and direction, orthogonal-
izes directions via iterative gradient descent (red arrows), then sepa-
rately merges components; Inference (right)—merged model handles
multiple tasks. For financial adapters, DO-Merging prevents domi-
nant ex-premarket weights from overshadowing pre-market special-
izations.

Application to Financial Adapters

For dual-adapter merging, DO-Merging’s magnitude-direction decoupling directly
addresses 26.5:1 sample size disparity. Adapter B, trained on 36,782 examples, likely
develops larger-magnitude parameters. Adapter A produces lower-magnitude but
potentially more specialized directions encoding Alyx-specific patterns.

Naive averaging would allow Adapter B’s magnitude to dominate. DO-Merging’s
magnitude averaging ensures equal contribution (50-50 weighting), while orthogo-
nalization minimizes interference between pre-market and ex-premarket direction
vectors.
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Hyperparameter Configuration
DO-Merging has three hyperparameters:
¢ Orthogonalization steps T: Set to 20
* Learning rate 77: Setto 5 x 10~*

* Mixing weight a: Set to 1.0

Computational Complexity
DO-Merging is computationally expensive due to iterative orthogonalization:

e Time: O(T -d - k) where T = 20. Total: 25-40 seconds on CPU or 12-20 seconds
on GPU, roughly 5-8x slower than Task Arithmetic.

Expected Benefits and Limitations
Expected Benefits:

* Magnitude Normalization: Ensures balanced contribution regardless of train-
ing set size

¢ Interference Minimization: Orthogonalization reduces destructive interfer-
ence

Limitations:

¢ Computational Overhead: Iterative orthogonalization is expensive
* Architecture Sensitivity: May interact poorly with certain architectures (MoE)

* Hyperparameter Tuning: Requires tuning learning rate and iteration count

4.2.7 RegMean: Regularized Mean

RegMean introduces L2 regularization into task vector averaging, applying shrink-
age penalty pulling merged parameters toward zero. This addresses the observation
that fine-tuned task vectors often contain noisy or overfit parameters degrading gen-
eralization. By applying regularization during merging, RegMean filters artifacts
while preserving important task-specific knowledge in high-magnitude parameters.

Theoretical Foundation

Given task vectors 74 and 13, RegMean computes averaged task vector and applies
L2 shrinkage:

. & TA+TB
merged—N 1+A

where N = 2 and A is regularization strength. The shrinkage factor 14%/\ reduces
parameter magnitudes proportionally, with larger A producing stronger regulariza-
tion.

The theoretical motivation draws from ridge regression and James-Stein estima-
tion: when estimating parameters from noisy data (fine-tuning from limited sam-
ples), shrinking estimates toward zero reduces mean squared error by trading in-
creased bias for substantially reduced variance.

(4.23)
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Application to Financial Adapters

For dual-adapter merging, RegMean addresses overfitting concerns from Adapter
A’s small training set (1,388 samples). With limited data, Adapter A may develop
parameters fitting training examples closely but generalizing poorly to iris evalu-
ation. L2 shrinkage acts as implicit regularization, reducing overfitting influence
while preserving robust patterns.

However, RegMean applies regularization uniformly to all parameters, includ-
ing those from Adapter B (trained on 36,782 samples) which likely contains fewer
overfitting artifacts. This uniform shrinkage may unnecessarily degrade Adapter
B’s contributions.

Hyperparameter Configuration
RegMean has two hyperparameters:

¢ Regularization strength A: Set to 0.01, providing mild regularization (approx-
imately 1% shrinkage)

* Mixing weight a: Set to 1.0

Computational Complexity
RegMean has minimal overhead relative to Task Arithmetic:
e Time: O(P) for shrinkage, identical to Task Arithmetic

¢ Total Merging Time: Approximately 3-5 seconds on CPU

Expected Benefits and Limitations

Expected Benefits:

* Overfitting Mitigation: L2 shrinkage reduces noisy parameter influence

¢ Simplicity: No iterative optimization or complex linear algebra
Limitations:

¢ Uniform Shrinkage: Same A to all parameters ignores heterogeneous impor-
tance

* No Interference Resolution: Doesn’t address sign conflicts or redundancy

* Hyperparameter Sensitivity: Optimal A may vary by domain

4.2.8 LoGo: LoRA on the Go

LoGo represents a fundamentally different approach: rather than producing a single
static merged adapter, LoGo implements dynamic per-instance adapter selection and
merging at inference time. For each input query, LoGo extracts signals from inter-
mediate hidden states to determine which adapters are most relevant, then merges
only top-k adapters with weights proportional to relevance scores.

This dynamic approach addresses a key limitation of static merging: not all tasks
benefit equally from all adapters. For Alyx queries clearly requiring pre-market spe-
cialization (e.g., "generate sector commentary"), routing primarily to Adapter A may
be optimal. For queries requiring broad financial knowledge (e.g., "summarize this
report"), routing primarily to Adapter B may be preferable.
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Theoretical Motivation

LoGo’s dynamic selection is motivated by the observation that different adapters
encode specialized knowledge applicable to different input distributions. Rather
than merging uniformly, LoGo computes instance-specific mixing weights:

9merged<x> =6+ Z wi(x) T (4.24)
ieS(x)

where S(x) C {A, B} is the set of selected adapters for input x, and w;(x) are
instance-dependent weights summing to 1.

Adapter selection and weighting are determined by signals extracted from hid-
den states. Two signal types:

Signal Type 1: L2 Norm

50 = @2 = (L ()] (425)
]

The intuition: adapters producing larger-magnitude activations are more rele-
vant.
Signal Type 2: Inverse Entropy

1
si(x) = Hn()) T e (4.26)

where H(h) = —¥; p;log p; is entropy from normalized hidden states. The in-
tuition: adapters producing low-entropy (high-confidence) distributions are more

relevant.
After computing signals, LoGo selects top-k and computes softmax weights:

exp(si(1)) w2

wi(x) = Yies(x) exp(sj(x))

Application to Financial Adapters

For dual-adapter merging, LoGo’s dynamic routing could provide benefits if Alyx
queries exhibit clear task-type clustering. Queries like "generate sectors commen-
tary" should route primarily to Adapter A, while queries like "classify news rele-
vance" should route primarily to Adapter B.

However, effectiveness depends on whether signal extraction successfully distin-
guishes these query types. If pre-market and ex-premarket queries produce similar
hidden state distributions, LoGo’s routing may collapse to uniform weighting, pro-
viding no advantage over static Task Arithmetic.

Hyperparameter Configuration
LoGo has two hyperparameters:
* Top-k selection: Set to k = 2, selecting both adapters for every input

¢ Signal type: Set to "norm" (L2 norm), balancing computational efficiency with
signal quality
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FIGURE 4.6: LoGo dynamic merging workflow. LoRA Selection
(left)—single forward pass extracts signals (L2 norm or inverse en-
tropy) from adapter pool; relevance scores computed and top-k se-
lected; LoRA Merging (right)—selected adapters combined using
signal-based weighted sum with coefficients (e.g., 0.4x, 0.6x) from
softmax normalization. For financial adapters, LoGo dynamically
routes between pre-market and ex-premarket specializations based
on query characteristics.
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Computational Complexity

LoGo’s computational overhead occurs at inference time rather than merging time:

¢ Merging Time: Negligible—LoGo doesn’t produce static merged adapter

* Inference Overhead: O(d) per input for signal extraction, adding approxi-
mately 5-10% overhead

¢ Memory Overhead: Requires loading both adapters simultaneously (2P pa-
rameters), doubling memory versus static merging (P parameters)

Expected Benefits and Limitations
Expected Benefits:

¢ Adaptive Routing: Dynamic per-instance selection enables optimal adapter
weighting for each query

* No Static Merging Required: Eliminates need to choose single merging method
Limitations:

¢ Inference Overhead: 5-10% per-query overhead accumulates over millions of
production queries

* Memory Consumption: Doubling memory requirements may exceed deploy-
ment constraints

¢ Signal Quality Dependence: Effectiveness depends entirely on whether sig-
nals accurately reflect adapter relevance

¢ Small Model Limitations: Smaller models (< 7B parameters) may lack expres-
siveness to distinguish adapter relevance

4.3 Implementation Details

This section presents unified implementation details applicable across all eight meth-
ods. Implementation leverages PyTorch for tensor operations, Hugging Face PEFT
library for LoORA adapter management, and custom merging logic in merging/ mod-
ule. Design prioritizes modularity—each method encapsulated in a class imple-
menting common interface—enabling systematic comparison.

4.3.1 Software Architecture

The merging pipeline comprises four primary components:

Component 1: Adapter Loading — The load_lora_adapter function loads adapters
from disk using PEFT library’s PeftModel.from_pretrained interface. Adapters
load in bfloat16 precision to reduce memory, with automatic conversion to float32
during merging operations requiring higher precision (SVD, orthogonalization).

Component 2: Task Vector Extraction — The extract_task_vector function com-
putes difference between fine-tuned adapter parameters and base model parame-
ters: T = 0 — 0p. Implementation handles LoRA-specific parameter structures (sep-
arate A and B matrices) and ensures proper alignment with base model parameter
names.
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Component 3: Merging Engine — Each method implements common interface
with three methods:

¢ add(task_vector): Accumulate task vector into merging state
* merge(): Execute merging algorithm and return merged parameters
e reset(): Clear internal state for reuse

This interface enables seamless swapping of merging methods without modify-
ing evaluation code.

Component 4: Merged Adapter Saving — The save_merged_adapter function
writes merged parameters to disk in PEFT-compatible format, enabling direct load-
ing as standard LoRA adapter for evaluation.

4.3.2 Memory Management

Efficient memory management is critical for merging large adapters (8.4M-24M pa-
rameters). Three strategies:

Strategy 1: CPU-Based Merging — All merging operations occur on CPU to avoid
GPU memory constraints. Task vectors load into CPU memory, merge, and only final
merged adapter transfers to GPU for evaluation.

Strategy 2: Incremental Loading — For methods requiring access to both adapters
simultaneously (TIES, DARE, DO-Merging), task vectors load incrementally rather
than holding both complete adapters in memory.

Strategy 3: In-Place Operations — Operations modify tensors in-place rather
than creating copies wherever possible. For example, DARE’s dropout mask applies
via element-wise multiplication that modifies task vector directly.

These strategies reduce peak memory consumption by approximately 40-50%
relative to naive implementations.

4.3.3 Numerical Precision Considerations

Different merging stages require different precision:

Task Vector Extraction: Performed in adapter storage precision (bfloat16) to
match loaded weights, minimizing memory and avoiding unnecessary type conver-
sions.

Averaging and Scaling: Performed in float32 to avoid accumulation errors
when summing many parameters. The difference between float32 and bfloat16
accumulation becomes significant for sums over thousands of parameters—bfloat16’s
limited mantissa precision can cause small parameters to be lost in summation.

SVD and Orthogonalization: Performed in float64 (double precision) to en-
sure numerical stability. SVD decomposition and orthogonalization are inherently
ill-conditioned operations where small numerical errors can compound. Implemen-
tation automatically promotes matrices to float64 before SVD, then demotes results
back to storage precision.

Final Merged Adapter: Stored in bfloat16 to match base model precision and
minimize storage. The merged adapter’s 8.4M parameters require approximately
17MB in bfloat16 compared to 34MB in float32.
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4.4 Hyperparameter Configuration

This section consolidates all hyperparameter specifications for the eight merging
methods. Table 4.2 presents complete configuration used for all experiments.

TABLE 4.2: Complete hyperparameter configuration for all merging

methods

Method Hyperparameter Value Justification
Task Arithmetic « 1.0 Preserve task vector magnitude
2*DARE p (drop prob) 0.7 Optimal across diverse tasks

o 1.0 Maintain expected magnitude
2*TIES topK (%) 20 Retain important parameters

« 1.0 Standard magnitude preservation
ISO « 1.0 Preserve mean singular value scaling
2*TSV sv_reduction 0.5 1/N for N = 2 adapters

o 1.0 Standard magnitude preservation
3*DO-Merging  n_orth_steps 20 Sufficient for convergence

orth_Ir 5x 10~* Balance speed/stability

o 1.0 Standard magnitude preservation
2*RegMean A (reg strength)  0.01 Mild regularization (1% shrinkage)

« 1.0 Standard magnitude preservation
2*LoGo k (top-k) 2 Select both adapters

signal_type norm L2 norm (default)

4.4.1 Hyperparameter Selection Rationale

Mixing Weight a: All methods use @ = 1.0 to maintain consistency and enable fair
comparison. This preserves average task vector magnitude as learned during fine-
tuning, avoiding additional tuning.

Method-Specific Hyperparameters: Values for method-specific hyperparame-
ters (DARE’s p, TIES’s topK, DO-Merging’s orthogonalization parameters, RegMean’s
A) follow published recommendations from original papers, established through ex-
tensive ablation studies.

No Task-Specific Tuning: Critically, no hyperparameters were tuned specifi-
cally for financial adapter merging. All values are defaults from original papers
or standard choices. This ensures observed performance differences reflect inherent
method properties rather than optimization effort.

4.4.2 Computational Cost Summary

Table 4.3 summarizes computational costs for merging 8.4M parameter LoRA adapters
(Mistral-7B scale).

The cost hierarchy reveals three tiers: (1) lightweight methods (Task Arithmetic,
RegMean) with negligible overhead, (2) moderate methods (DARE, TIES, DO-Merging)
with acceptable overhead for offline merging, (3) expensive methods (ISO, TSV) with
substantial overhead potentially prohibiting frequent re-merging. LoGo’s negligible
merging cost is offset by per-query inference overhead accumulating across millions
of production queries.
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TABLE 4.3: Computational cost summary for adapter merging meth-

ods
Method CPU Time GPU Time Relative Cost
Task Arithmetic 3-5s 2-3s 1.0x (baseline)
DARE 8-10s 3-5s 2.0x
TIES 12-18s 6-10s 3.5
ISO 35-50s 15-25s 9.0x
TSV 50-70s 25-40s 13.0x
DO-Merging 25-40s 12-20s 6.5 %
RegMean 3-5s 2-3s 1.0x
LoGo <1s (merging) <1s (merging) Negligible

+5-10% (inference) +5-10% (inference) Per-query overhead

4.5 Preliminary Validation

To verify all eight merging methods successfully combine adapter knowledge and
are correctly implemented, we conducted preliminary validation on Mistral-7B-Instruct-
v0.3. This 7.24B parameter model represents the middle ground—Ilarge enough to
exhibit sophisticated behaviors but small enough for rapid experimentation.

4.5.1 Validation Objectives

The preliminary validation addresses three questions:

Q1: Do all methods produce functional merged adapters? — Verify each method
successfully combines Adapter A and Adapter B without numerical errors or imple-
mentation bugs preventing evaluation.

Q2: Do merged adapters outperform combined fine-tuning baseline? — Es-
tablish whether any merging method achieves superior performance compared to
training a single adapter on all data.

Q3: Which methods show promise for comprehensive evaluation? — Identify
high-performing methods for prioritized analysis in Chapter 6 and diagnose failure
modes in underperforming methods.

4.5.2 Preliminary Results

Table 4.4 presents average scores across all six iris tasks for each merging method on
Mistral-7B, compared to combined fine-tuning baseline.

4.5.3 Key Observations

Observation 1: All Methods Functional — All eight methods successfully produce
evaluated merged adapters, confirming correct implementation. No methods ex-
hibit numerical instabilities (NaN/Inf values) or catastrophic failures.

Observation 2: Merged Adapters Outperform Combined Training — All eight
methods achieve scores exceeding combined fine-tuning baseline (6.19), with im-
provements ranging from +5.0% (DO-Merging) to +29.7% (TIES, ISO). This vali-
dates core hypothesis H3 from Chapter 3: training separate specialized adapters
and merging them post-hoc preserves complementary knowledge more effectively
than joint multi-task training under severe sample imbalance (26.5:1 ratio).
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TABLE 4.4: Preliminary validation results on Mistral-7B-Instruct-v0.3
(average score across iris tasks)

Method Average Score vs Baseline Improvement
Baseline: Combined Fine-tuning 6.19 — —

Task Arithmetic 7.90 +1.71 +27.6%
DARE 7.86 +1.67 +27.0%
TIES 8.03 +1.84 +29.7%
ISO 8.03 +1.84 +29.7%
TSV 7.67 +1.48 +23.9%
DO-Merging 6.50 +0.31 +5.0%
RegMean 6.81 +0.62 +10.0%
LoGo 6.72 +0.53 +8.6%

Observation 3: Simple Methods Outperform Complex Methods — The top four
methods—TIES (8.03), ISO (8.03), Task Arithmetic (7.90), DARE (7.86)—represent a
spectrum from simple (Task Arithmetic) to moderately complex (TIES). Meanwhile,
more sophisticated methods—DO-Merging (6.50), RegMean (6.81), LoGo (6.72)—achieve
substantially lower scores despite theoretical sophistication and higher computa-
tional cost.

This inverse relationship between complexity and performance suggests that for
financial adapter merging under dual-adapter paradigm, addressing specific inter-
ference patterns (redundancy via trimming, sign conflicts via voting) is more effec-
tive than sophisticated transformations (orthogonalization, regularization, dynamic
selection) that may introduce their own failure modes.

Observation 4: TIES and ISO Tied for Best Performance — TIES and ISO achieve
identical average scores (8.03), despite fundamentally different mechanisms. TIES
operates through explicit parameter filtering (trimming) and conflict resolution (sign
election), while ISO applies spectral transformation (SVD projection). This conver-
gence suggests both approaches—pruning redundancy deterministically and nor-
malizing magnitude distributions via spectral analysis—address critical challenges
in combining adapters with disparate training set sizes and task distributions.

Observation 5: Substantial Performance Gap — The 1.53-point gap between best
method (TIES: 8.03) and worst method (DO-Merging: 6.50) represents 23.5% perfor-
mance difference on 1-10 score scale. This substantial variance indicates merging
method selection has first-order impact on final model quality—comparable to ef-
fect of base model selection or training data quality.

4.54 Individual Adapter Performance

To establish contribution of each specialized adapter and validate complementary
combination hypothesis (H3), we evaluated Individual Adapter A and Individual
Adapter B on Mistral-7B alongside combined baseline and merged adapters.

Key Observations:

Individual adapter results provide critical insight into dual-adapter approach
effectiveness and reveal striking performance patterns.

Observation 1: Adapter A Dominates All Baselines — Individual Adapter A
achieves 7.84/10, substantially outperforming both combined baseline (6.19, +26.7%)
and Adapter B (5.94, +32.0%). This validates Hypothesis H1 (Format Transfer) from
Section 6.4: despite training on only 1,388 pre-market samples (3.6% of total data),
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TABLE 4.5: Comparison of all training approaches on Mistral-7B-
Instruct-v0.3

Configuration Avg Score vs Combined Improvement
Individual Adapter A (pre-market) 7.84 +1.65 +26.7%
Individual Adapter B (ex-premarket) 5.94 -0.25 -4.0%
Combined Fine-tuning 6.19 — —

Best Merged (TIES/ISO) 8.03 +1.84 +29.7%
Task Arithmetic 7.90 +1.71 +27.6%
DARE 7.86 +1.67 +27.0%
TSV 7.67 +1.48 +23.9%

direct alignment with iris task formats enables superior specialization compared to
both diluted combined training and distribution-mismatched ex-premarket training.

The magnitude of Adapter A’s advantage over combined training (+26.7%) pro-
vides strong evidence that 26.5:1 sample imbalance causes systematic underfitting
on pre-market task formats. Training Adapter A in isolation eliminates this interfer-
ence and achieves deeper format specialization.

Observation 2: Adapter B Underperforms Despite Massive Data Advantage —
Individual Adapter B (5.94/10), despite training on 26.5x more data (36,782 sam-
ples), underperforms both Adapter A (-24.2%) and combined training (-4.0%). This
reveals that distribution alignment with evaluation tasks dominates dataset size
for domain adaptation.

Adapter B’s extensive training on news extraction, sentiment analysis, and report
summarization (Table 3.4) provides limited transfer to iris tasks” specific formats
for sector commentary, universe rankings, and stock highlights. The ex-premarket
dataset lacks examples of Alyx’s query structures, forcing Adapter B to extrapolate
from mismatched task formats.

Observation 3: Combined Training Provides No Benefit Over Adapter A —
The combined baseline (6.19/10), despite training on all 38,170 samples, fails to
match Adapter A’s performance (7.84/10, -21.0% gap). This validates Failure Mode
F2 (Sample Imbalance Effects) from Section 3.6: the 26.5:1 ratio causes combined
adapter to underfit pre-market task patterns despite seeing those examples during
training.

Combined training does provide benefit over Adapter B alone (+4.2%), suggest-
ing even diluted exposure to pre-market formats is valuable. However, this benefit
is insufficient to justify combined training’s complexity relative to training Adapter
A in isolation.

Observation 4: Merged Adapters Achieve Optimal Performance — The best
merged adapters (TIES and ISO at 8.03) outperform all three training-only baselines,
validating Hypothesis H3 (Complementary Combination):

¢ vs. Adapter A (+2.4%): Merging successfully incorporates broad financial
knowledge from Adapter B’s ex-premarket training

¢ vs. Combined (+29.7%): Merging avoids task interference by training adapters
separately

e vs. Adapter B (+35.2%): Merging successfully incorporates Alyx format spe-
cialization from Adapter A
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The relatively small improvement over Adapter A (+0.19 points, +2.4%) com-
pared to large improvement over combined (+1.84 points, +29.7%) reveals important
insight: Adapter A already captures most knowledge required for iris task suc-
cess. The primary value of merging is enhancing already-strong format-specialized
adapter (A) with supplementary broad knowledge (B) while avoiding catastrophic
interference from combined training.

Implications for Production Deployment:

1. Adapter A alone may suffice for resource-constrained deployments: Achiev-
ing 7.84/10 with only 1,388 training samples and 1.8h training time provides
extremely efficient path to strong iris performance

2. Merging provides guaranteed improvement with minimal overhead: Even
simple methods (Task Arithmetic) improve over Adapter A while requiring
no additional training

3. Combined training should be avoided: Despite exposing models to all avail-
able data, combined training consistently underperforms Adapter A due to
task interference

4. Ex-premarket data provides limited direct benefit: Adapter B’s consistent un-
derperformance suggests the 36,782-sample ex-premarket dataset contributes
primarily through merging rather than standalone deployment

4.5.5 Implications for Comprehensive Evaluation

The preliminary validation establishes clear performance tiers:

Tier 1 (High Priority): TIES, ISO, Task Arithmetic, DARE (7.86-8.03) — These
methods consistently exceed combined fine-tuning by substantial margins (+27% or
more) and warrant comprehensive evaluation across all models to assess generaliza-
tion.

Tier 2 (Medium Priority): TSV (7.67) — Modest performance with high compu-
tational cost suggests limited practical value, but evaluation on larger models may
reveal scale-dependent benefits.

Tier 3 (Low Priority): DO-Merging, RegMean, LoGo (6.50-6.81) — Minimal im-
provement over combined fine-tuning suggests fundamental limitations rather than
implementation issues. Comprehensive evaluation will determine whether these
methods exhibit architecture-specific benefits (e.g., DO-Merging on MoE models,
LoGo on large models).

Chapter 6 presents comprehensive evaluation across all five base models (Phi-4-
mini, Mistral-7B, Llama-3-8B, Qwen2.5-14B, DeepSeek-V2-Lite), analyzing whether
performance patterns observed on Mistral-7B generalize across model scales (3.8B
to 15.7B), architectures (dense vs. MoE), and task types (generation vs. reasoning).

4.6 Summary

This chapter presented eight adapter merging methods for combining specialized
LoRA adapters trained on complementary financial task distributions. Methods
span from simple algebraic operations (Task Arithmetic, RegMean) to sophisticated
techniques involving magnitude trimming (TIES), stochastic sparsification (DARE),
spectral transformation (ISO, TSV), orthogonalization (DO-Merging), and dynamic
per-instance selection (LoGo).
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4.6.1 Key Contributions

Contribution 1: Unified Implementation Framework — The modular implemen-
tation architecture enables systematic comparison through common interface, with
careful attention to numerical precision, memory efficiency, and reproducibility. All
eight methods implemented with identical evaluation protocols, ensuring fair com-
parison.

Contribution 2: Comprehensive Method Coverage — By implementing and eval-
uating eight distinct merging approaches, this research provides the most compre-
hensive empirical comparison of adapter merging methods applied to financial do-
main adaptation to date. Method selection covers all major paradigms in merging
literature.

Contribution 3: Preliminary Performance Characterization — Validation on Mistral-
7B establishes clear performance tiers and identifies promising methods (TIES, ISO)
for prioritized analysis. The inverse relationship between method complexity and
performance—simpler methods outperforming sophisticated alternatives—provides
actionable guidance: when merging two adapters with complementary specializa-
tions, simple approaches (Task Arithmetic) or focused interventions (TIES trimming/sign
election) suffice.

Contribution 4: Hyperparameter Transparency — Complete specification of all
hyperparameters (Table 4.2) with justifications enables reproducibility and provides
starting points for future research. The decision to use published default values
rather than task-specific tuning ensures reported performance reflects inherent method
properties rather than optimization effort.

4.6.2 Validation of Research Hypotheses

Preliminary results provide initial evidence for hypothesis H3 from Chapter 3:

H3 (Complementary Combination): Merged adapters will outperform both in-
dividual adapters and combined fine-tuning by combining complementary knowl-
edge without catastrophic interference.

Evidence: All eight merging methods exceed combined fine-tuning baseline (+5.0%
to +29.7% improvement on Mistral-7B), validating that dual-adapter training fol-
lowed by merging preserves multi-task capability more effectively than joint train-
ing under severe sample imbalance. The best methods (TIES, ISO) achieve 29.7% im-
provement, representing substantial performance gains justifying additional train-
ing and merging overhead.

4.6.3 Practical Recommendations

For practitioners implementing adapter merging for financial applications:

Recommendation 1: Prioritize TIES or ISO — TIES and ISO achieve strongest
performance on Mistral-7B and employ complementary mechanisms (conflict res-
olution vs. spectral normalization). TIES recommended when computational effi-
ciency is important (3.5x overhead), while ISO recommended when robustness to
magnitude imbalance is critical (9x overhead).

Recommendation 2: Task Arithmetic as Fast Baseline — Task Arithmetic pro-
vides surprisingly competitive performance (7.90, only 1.6% below best methods)
with minimal computational cost (1x). For rapid prototyping or scenarios where
merging time is constrained, Task Arithmetic offers excellent performance-efficiency
tradeoff.
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Recommendation 3: Avoid Complex Methods Without Evidence - DO-Merging,
RegMean, and LoGo provide minimal benefits over simple averaging despite sub-
stantial added complexity. Without architecture-specific evidence (e.g., MoE models
for DO-Merging), these methods should be avoided in favor of simpler alternatives.

Recommendation 4: Architecture-Specific Evaluation Required — Preliminary
validation on single model (Mistral-7B, dense architecture) cannot establish whether
performance patterns generalize. Practitioners using different architectures (MoE,
small models < 7B) should conduct architecture-specific validation before selecting
merging method.

4.6.4 Limitations and Future Work

Limitation 1: Single-Model Preliminary Validation — Preliminary validation eval-
uates only Mistral-7B. Performance patterns may differ for smaller models (Phi-4-
mini: 3.8B), larger models (Qwen2.5-14B: 14.77B), or alternative architectures (DeepSeek-
V2-Lite: MoE). Chapter 6 addresses this through comprehensive cross-model evalu-
ation.

Limitation 2: Binary Adapter Merging — All methods merge exactly two adapters
(pre-market and ex-premarket). Generalization to merging three or more adapters—relevant
for production scenarios with multiple specialized capabilities—remains unexplored.

Limitation 3: Static Hyperparameters — All hyperparameters follow published
defaults without task-specific optimization. While this ensures fair comparison, it
may underestimate potential of methods benefiting from careful tuning (DO-Merging
learning rate, RegMean regularization strength, TIES topK percentage).

Limitation 4: Evaluation on Single Task Distribution — The iris evaluation tasks
represent Alyx-specific query formats. Generalization to other financial applica-
tions (trading signal generation, risk assessment, regulatory compliance) or other
domains (medical, legal) remains unexplored.

4.6.5 Concluding Remarks

This chapter demonstrated that adapter merging—combining separately-trained spe-
cialized LoRA adapters through algebraic or spectral operations—provides viable

approach to multi-task model construction without additional training. Preliminary

validation on Mistral-7B establishes that simple, focused interventions (TIES conflict

resolution, ISO spectral normalization) outperform sophisticated but generic trans-

formations (orthogonalization, regularization), suggesting method effectiveness de-

pends critically on alignment between method assumptions and specific character-

istics of adapters being merged.

The success of dual-adapter training followed by merging (+27-30% improve-
ment over combined training on Mistral-7B) validates core thesis hypothesis: when
training data exhibits severe imbalance and heterogeneous task distributions, isolat-
ing specializations and combining them post-hoc preserves complementary knowl-
edge more effectively than forcing models to learn all tasks simultaneously. Chap-
ter 6 investigates whether this finding generalizes across model scales and architec-
tures, providing definitive evidence for or against dual-adapter approach for finan-
cial domain adaptation.
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Chapter 5

Evaluation Methodology

5.1 Overview and Motivation

Evaluating fine-tuned language models on domain-specific tasks presents funda-
mental challenges that standard metrics fail to address. This chapter presents the
LLM-as-Judge evaluation methodology employed to assess model performance on
1,032 iris tasks spanning six distinct financial analysis capabilities.

5.1.1 Limitations of Traditional Metrics

Traditional metrics—BLEU (Papineni et al., 2002), ROUGE (Lin, 2004), METEOR (Baner-
jee and Lavie, 2005)—exhibit three critical limitations for financial text evaluation:

L1: Semantic Insensitivity — N-gram overlap cannot distinguish semantically
equivalent expressions from meaningless text. “The stock rose due to strong earn-
ings” and “The equity increased because of robust financial results” share minimal
overlap despite identical meaning, while “The stock fell due to strong earnings”
shares high overlap despite factual contradiction.

L2: Format Rigidity — Iris tasks produce diverse formats (JSON for briefs, mark-
down for reports, narrative text for commentary). Reference-based metrics require
format-aligned gold standards—impractical at scale (1,032 samples x 50 configura-
tions = 51,600 outputs requiring estimated 2,000-5,000 expert hours at $100K-750K).

L3: Domain Blindness — Traditional metrics cannot evaluate financial-specific
quality: terminology accuracy, professional style adherence, reporting conventions,
or absence of misleading claims. These dimensions require domain expertise that
lexical overlap cannot capture.

5.1.2 LLM-as-Judge Methodology

LLM-as-Judge (Zheng et al., 2023) (Dubois et al., 2024) leverages frontier models to
evaluate outputs through natural language instructions. The judge: (1) reads task
requirements, (2) examines model output, (3) evaluates across multiple dimensions,
(4) provides numerical score (1-10) plus justification.

Advantages:

* Semantic understanding: Assesses logical coherence and accuracy beyond
surface similarity

¢ Format flexibility: Adapts to JSON, markdown, narrative without format-
specific configuration

* Domain awareness: GPT-4.1-mini possesses financial knowledge for terminol-
ogy and convention evaluation
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* Scalability: Automated evaluation scales to thousands of samples

* Consistency: Deterministic scoring (temperature 0.0) eliminates stochastic vari-
ance

5.1.3 Evaluation Architecture

The pipeline processes 1,032 iris samples per configuration through batched API
calls. Architecture comprises five stages:

Stage 1: Output Generation — Each configuration (base model + adapter) gener-
ates outputs for all 1,032 tasks. Outputs saved in JSONL with metadata.

Stage 2: Batch Processing — Outputs processed in batches of 25. Batch size bal-
ances API efficiency against failure isolation.

Stage 3: Judge Evaluation — For each sample, judge receives task prompt and
model output, then provides score (0-10) and justification. Temperature 0.0 ensures
determinism.

Stage 4: Quality Assurance — Validation detects invalid evaluations (judge echo-
ing output, malformed JSON, missing scores). Invalid evaluations trigger retry with
increasingly explicit prompts (up to 3 attempts).

Stage 5: Aggregation — Valid scores aggregated at multiple levels (per-sample,
per-task, per-configuration, per-method) with statistics.

The pipeline saves incremental progress after each batch, enabling resumption
after failures—essential given 309,600+ total evaluations during 2-3 week campaign.

5.2 Judge Model Configuration

5.2.1 Model Selection and Economic Constraints

GPT-4.1-mini was selected based on economic necessity rather than quality opti-
mization. Given evaluation scale (309,600 samples) and typical context length (4,000
6,000 tokens input, 500-1,000 tokens output), alternative frontier models proved eco-
nomically infeasible:

TABLE 5.1: Judge model cost comparison for complete evaluation
campaign (309,600 samples)

Judge Model Cost per 1M tokens Total Cost Estimate
(Input/Output) (309.6K samples)
GPT-4-Turbo $10/%30 $46K-139K
GPT-4o $2.50/$10 $12K-35K
Claude-3.5-Sonnet $3/%$15 $14K-42K
GPT-40-mini $0.15/%0.60 $700-2.1K
GPT-4.1-mini $0.40/$1.60 $1,860-5,580

Cost calculation for GPT-4.1-mini:
¢ Evaluation scale: 309,600 samples
¢ Average input: 4,000-6,000 tokens per sample
¢ Average output: 500-1,000 tokens per sample
¢ Input cost: 1,238M-1,858M tokens x $0.40/1M = $495-743
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e QOutput cost: 155M-310M tokens x $1.60/1M = $248-496
e Total estimated cost: $743-1,239

Evaluation represents approximately 18-22% of total project budget (training in-
frastructure: $4,569, evaluation: $990-1,240). Cost constraints precluded experi-
mentation with alternative judges. While GPT-40 or Claude-3.5-Sonnet might pro-
vide higher quality, their 10-140x higher costs would exceed research budgets. This
represents a methodological limitation: we cannot empirically validate whether GPT-
4.1-mini scoring aligns with higher-quality judges or human expert evaluations.

5.2.2 Configuration Parameters

TABLE 5.2: GPT-4.1-mini judge configuration parameters

Parameter Value Rationale

Model gpt-4.1-mini  Cost-performance optimum
Temperature 0.0 Deterministic, reproducible scoring
Max Tokens 2048 Sufficient for score + justification
Top-p 1.0 Greedy decoding (no sampling)
Frequency Penalty 0.0 No repetition penalty

Presence Penalty 0.0 No diversity penalty

Temperature 0.0 is Critical: Ensures identical inputs produce identical outputs,
enabling: (1) exact reproducibility across runs, (2) meaningful cross-sample compar-
ison, (3) single-pass evaluation reducing cost by 3-5x versus multi-sample stochas-
tic evaluation with averaging.

5.2.3 Quality Validation

Qualitative analysis of 100 randomly-sampled evaluations validated GPT-4.1-mini’s
capabilities:

* Financial literacy: Correct understanding of financial terminology (P/E ratios,
EBIT, free cash flow), metric relationships, market dynamics

¢ Format sensitivity: Accurate detection of malformed JSON, markdown struc-
ture violations, missing required fields

¢ Style awareness: Appropriate penalization of casual language, promotional
tone; recognition of professional financial style

¢ Analytical soundness: Identification of logical contradictions, unsupported
claims, analysis completeness assessment

5.3 Evaluation Protocol

5.3.1 Judge Prompt Design
System Prompt

Please act as an impartial judge and evaluate the quality of the
response provided by an AI assistant to the user question.
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Your evaluation should consider:

- Accuracy: instructions followed correctly

- Truthfulness: response is truthful, not misleading
- Writing style: written as in a financial report

If the AI assistant did not respond or had an error, score = 0.

Provide only JSON response:
{"comment": "<brief explanation>", "score": <1-10>}

Design Choices:
¢ Three dimensions: Accuracy, truthfulness, style capture essential quality

¢ Brief explanations: Reduce token consumption while providing scoring ratio-
nale

¢ Strict JSON: Enables reliable parsing, prevents ambiguous outputs

® Zero-score errors: Explicit handling of refusals, malformed outputs

User Prompt Template

[PROMPT]
{task}

[The start of Assistant’s response]
{response}
[The end of Assistant’s response]

Explicit delimiters prevent ambiguity in long responses where task and response
might blend.

5.3.2 Reference-Free Evaluation

The judge evaluates responses against task prompt requirements, not gold-standard
references. This reflects:

R1: Creative Tasks — Many tasks have multiple valid outputs (e.g., iris_brief can
emphasize different aspects—all valid).

R2: Reference Unavailability — Creating references for 1,032 samples requires
2,000-5,000 expert hours, and references might not represent single “correct” an-
swers.

R3: Implicit Requirements — Task prompts encode evaluation criteria (“formal
tone”, “JSON format”, “avoid promotional language”).

Reference-free evaluation introduces potential variance between judges but en-
sures scalability.

5.3.3 Scoring Rubric

5.3.4 Evaluation Dimensions

Accuracy: Format compliance, completeness, constraint satisfaction, data interpre-
tation correctness.
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TABLE 5.3: Scoring rubric (1-10 scale)

Score Label Characteristics

9-10 Excellent Fully accurate, professional, follows all
instructions

7-8  Good Minor issues in completeness/style, ac-
curate and professional

5-6  Acceptable Some accuracy/style problems, captures
main requirements

34 Poor Significant accuracy issues, unprofes-
sional style

1-2 Very Poor = Major errors, off-topic, severely mal-
formed

0 Failed No response, error, completely invalid

output

Truthfulness: Factual consistency with provided data, appropriate causal claims,
absence of hallucinations, proper qualification of uncertain claims.

Writing Style: Formal professional tone (Bloomberg/FT style), correct financial
terminology, conciseness, consistency.

5.3.5 Task-Specific Focus

While rubric applies uniformly, judge naturally emphasizes different dimensions
per task type:

TABLE 5.4: Task-specific evaluation focus

Task Key Focus

iris_brief Ranking explanation accuracy, JSON structure, news inte-
gration

iris_news News relevance extraction, sentiment interpretation

iris_report_final Complete structure, market analysis depth, narrative flow

iris_report_summary Executive summary conciseness, key point coverage

iris_sectors Sector aggregation accuracy, comparative insights, pat-
terns

iris_universe Universe-wide trends, macro-level analysis, appropriate
scope

5.4 Implementation Details

5.4.1 Pipeline Architecture

Batch processing (25 samples/batch) with incremental progress saving enables re-
sumption after OpenAl API rate limit failures—essential for 309,600+ evaluations.
5.4.2 Chat Template Parsing

Different models use different conversational formats. Supported templates:

e Meta-Llama: assistant\n\n{response}
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¢ Gemma: <start_of_turn>model\n{response}

Qwen: <|im_start|>assistant\n{response}

Mistral: [/INST]{response}</s>

Phi: <|assistant|>{response}<|end|>

DeepSeek: Assistant:{response}

Parsing ensures evaluation operates on semantic content, not formatting arti-
facts.

5.4.3 JSON Extraction

Many models wrap JSON in markdown code blocks (“‘‘json ... ‘). Extraction
handles: (1) complete code blocks, (2) incomplete blocks (truncated responses), (3)
plain JSON.

5.5 Quality Assurance

5.5.1 Invalid Evaluation Detection

Validation checks detect when judge “echoes” model response rather than evaluat-
ing (2-5% of attempts):

¢ Structural: Response must be JSON object (not array) with score field
¢ Semantic: Must not contain model output fields (stock, brief, sector)

* Score: Integer in [0, 10] range

5.5.2 Retry Mechanism

Three-stage escalation for invalid evaluations:
Stage 1 (95-98% success): Standard prompt
Stage 2 (80-90% of Stage 1 failures): Explicit emphasis:

IMPORTANT: You must evaluate the response, NOT reproduce it.
Remember: Output ONLY {"comment": "...", "score": N}

Stage 3 (95%+ of Stage 2 failures): Maximally explicit:

INSTRUCTION: Evaluate and output ONLY score.
YOUR OUTPUT MUST BE EXACTLY: {"comment": "brief", "score": 7}
DO NOT OUTPUT ANYTHING ELSE. NO ARRAYS. NO STOCK BRIEFS.

Evaluations failing all three attempts assigned score 0 with failure comment.

5.6 Evaluation Scale and Cost

5.6.1 Dataset Composition
5.6.2 Evaluation Scale

Complete campaign: 5 base models x (1 combined + 2 individual adapters + 8
merged) x 1,032 samples = 309,600 evaluations. With retries ( 5%), actual API calls
exceed 320,000.
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TABLE 5.5: Iris evaluation dataset composition

Task Type Samples
iris_brief 226
iris_news 209
iris_report_final 56
iris_report_summary 24
iris_sectors 252
iris_universe 265

Total per configuration 1,032

5.6.3 Cost Analysis

TABLE 5.6: Evaluation cost breakdown (GPT-4.1-mini)

Component Tokens/Sample  Total Cost
Input (prompt + response) 2,000-8,000 $1,240-4,960
Output (judge evaluation) 50-200 $31-124
Retries (5% samples) +500-2,000 +$155-620
Estimated Total $1,426-5,704
Actual Realized $1,100-2,200

Actual cost below estimate due to efficient prompt engineering, batch processing,
careful retry management.

5.6.4 Time Requirements
¢ Per-sample latency: 2-5 seconds
¢ Per-task time: 2.5-6.5 hours (1,032 samples)

¢ Wall-clock time: 2-3 weeks with parallel execution

5.7 Evaluation Examples

5.7.1 Example 1: Excellent (Score: 10/10)

Task: iris_brief (Stock brief generation)
Model Output:

{
"stock": "EXTRA SPACE STORAGE",
"brief": "s*Extra Space Storage** saw its ranking improve
significantly, rising from 459th to 195th. This substantial
shift was primarily driven by positive contributions from
technical indicators and price momentum, suggesting strong
market confidence in the stock’s near-term prospects.",
"news_items": []

]
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Judge:

"comment": "Accurately follows instructions, clear financial
analysis, formal tone appropriate for reports, correctly
interprets category contributions without exact values,

well structured, avoids promotional language. Truthful,
precise, and stylistically appropriate.",

"score": 10

Analysis: Judge identifies accurate instruction following, appropriate financial
terminology, professional tone, correct interpretation, structural soundness. Maxi-
mum score reflects meeting all criteria without deficiencies.

5.7.2 Example 2: Good (Score: 9/10)
Judge:
{

"comment": "Accurately summarizes rank changes, correctly
interprets categories, professional tone. Minor inconsistencies
in category contributions (e.g., SEGRO’s negative technical

but described as positive). Overall maintains truthfulness,
precision, appropriate style.",

"score": 9

Analysis: Judge demonstrates nuanced evaluation—recognizing excellent over-
all quality with minor errors preventing perfect score. The 9/10 appropriately re-
flects “very good with minor issues”.

5.8 Results Aggregation

5.8.1 Score Parsing and Validation
Post-evaluation processing: (1) parses JSON to extract score, (2) repairs malformed
JSON via json-repair library, (3) validates scores in [0, 10], (4) flags parsing failures.
5.8.2 Aggregation Hierarchy
Scores aggregated at multiple levels:

¢ Sample-level: Individual score (1-10)

¢ Task-level: Mean across task type (e.g., all iris_brief for Mistral-7B + TIES)

* Model-level: Mean across six tasks per configuration

* Method-level: Mean across five base models per merging method

For each level: mean score, standard deviation, sample count, error count, score
distribution histogram.
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5.9 Limitations and Considerations

5.9.1 Judge Bias Considerations

B1: GPT-4 Family Preference — Judge may prefer GPT-4-like outputs, inflating scores
for similar styles.

B2: Format Preference — Well-structured JSON may receive marginally higher
scores than equivalently-correct but less-formatted outputs.

B3: Length Bias — Longer responses may score higher even when detail provides
minimal value; concise responses might be penalized as incomplete.

B4: Stylistic Conservatism — Judge may penalize creative but valid framing,
favoring conventional financial style (desirable for production).

5.9.2 Edge Cases

TABLE 5.7: Edge case handling

Edge Case Handling

Model refused answer Score = 0 (explicit instruction)
Output truncated Judge evaluates visible portion
Malformed JSON Repair library attempts fix

Judge API failure Retry up to 2 times

Judge echoes response  Detect, retry with explicit prompt
Empty response Score = 0 (treated as refusal)

5.9.3 Mitigation Strategies

* Deterministic scoring: Temperature 0.0 eliminates stochastic variance

Retry logic: Up to 3 attempts reduce failure rate to <0.5%

JSON repair: Prevents penalization for trivial formatting errors

Explicit prompts: Detailed instructions reduce ambiguity

Score validation: Strict parsing catches malformed evaluations

5.9.4 Inter-Rater Reliability
Single judge (GPT-4.1-mini, temperature 0.0) provides:
¢ Perfect test-retest reliability: Deterministic
* Zero intra-judge variance: No stochastic variation

However, cannot address inter-judge reliability (agreement between different
judges or humans). Ideal methodology would include multi-judge agreement, hu-
man validation (100-200 samples), agreement metrics (Cohen’s kappa, Krippen-
dorff’s alpha)—infeasible due to cost/time constraints. This represents a limitation:
cannot empirically validate GPT-4.1-mini scores align with human experts or alter-
native judges.
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510 Reproducibility

5.10.1 Deterministic Configuration

Reproducibility ensured through: fixed model version (gpt-4.1-mini), zero tempera-
ture, identical prompt templates, no randomness required.

5.10.2 Evaluation Artifacts

Complete artifacts preserved: (1) evaluated outputs (JSONL with prompts, responses,
evaluations), (2) aggregated scores (CSV at all levels), (3) evaluation logs (API calls,
retries, errors), (4) configuration files (JSON/YAML parameters).

511 Summary

This chapter presented LLM-as-Judge methodology addressing traditional metrics’
limitations (semantic insensitivity, format rigidity, domain blindness) by leveraging
GPT-4.1-mini’s semantic understanding, domain knowledge, and stylistic aware-
ness.

Key Design Decisions:

¢ GPT-4.1-mini: Only economically viable judge at scale (realized cost $1,100-
2,200 vs. $619K-5.6M for GPT-4-Turbo)

¢ Temperature 0.0: Deterministic, reproducible scoring

¢ Reference-free: Evaluates against task requirements, accommodating creative
tasks

¢ 1-10 scale: Sufficient granularity without false precision
¢ Batch processing: 25 samples/batch with incremental saves
* Quality assurance: Multi-stage retry reduces error rate to <0.5%

Scale: 309,600+ evaluations across 50 configurations over 2-3 weeks.

Limitations: Single-judge evaluation (no inter-rater reliability validation), po-
tential biases (GPT-4 preference, format/length bias), no human validation at scale.

Despite limitations, provides systematic, reproducible, cost-effective evaluation
for thousands of domain-specific outputs. Chapter 6 presents results analyzing per-
formance across models, merging methods, and tasks using these scores.



71

Chapter 6

Results and Analysis

6.1 Overview

This chapter presents comprehensive experimental results evaluating the dual-adapter
training strategy and adapter merging methods introduced in Chapters 3 and 4.
The evaluation encompasses five base models ranging from 3.8B to 14.8B param-
eters, four training configurations (premarket-only, ex-premarket-only, combined
fine-tuning, and dual-adapter merging), and eight merging methods applied to 1,032
held-out iris evaluation tasks across six task types.

The experimental design addresses three central research questions:

RQ1: Training Strategy Effectiveness — Does the dual-adapter approach (train-
ing separate specialized adapters and merging them post-hoc) outperform simpler
alternatives including combined fine-tuning on all data, training on premarket data
alone, or training on ex-premarket data alone?

RQ2: Merging Method Selection — Which adapter merging methods preserve
complementary knowledge most effectively? Do sophisticated techniques (TIES,
ISO, TSV, DO-Merging) provide sufficient benefits to justify their computational
overhead relative to simple averaging (Task Arithmetic)?

RQ3: Architectural Interactions — How do model scale (3.8B to 14.8B param-
eters) and architecture (dense transformers vs. Mixture-of-Experts) interact with
training strategy effectiveness and merging method performance?

The results reveal clear patterns: premarket-only adapters (Adapter A) consis-
tently outperform all baselines including combined training despite training on 26.5 x
less data, validating that task format alignment dominates dataset size for domain
adaptation. Merging these format-specialized adapters with broad-knowledge ex-
premarket adapters (Adapter B) yields further improvements across all models, with
simple methods (Task Arithmetic (Ilharco et al., 2023), TIES (Yadav et al., 2024)) prov-
ing surprisingly competitive against complex alternatives.

6.1.1 Evaluation Methodology Recap

All models and configurations were evaluated using the LLM-as-judge methodol-
ogy detailed in Chapter 5, with GPT-4.1-mini (OpenAl, 2024) scoring generated out-
puts on a 1-10 scale. The iris evaluation set comprises 1,032 held-out samples across
six task types:

* iris_brief (226 samples): Stock highlight generation
e iris_relevant_news (209 samples): News relevance classification
e iris_report_final (56 samples): Comprehensive report generation

* iris_report_summary (24 samples): Executive summary generation
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* iris_sectors_commentary (252 samples): Sector-level analysis with reasoning

¢ iris_universe_commentary (265 samples): Universe ranking explanations

These tasks represent the complete set of LLM capabilities required for Alyx pro-
duction deployment, spanning classification, generation, and multi-step reasoning.

6.1.2 Model Coverage and Exclusions

Five base models were fully evaluated across all training configurations:

* Mistral-7B-Instruct-v0.3 (Jiang et al., 2023) (7.24B parameters, dense)

Llama-3-8B-Instruct (Dubey et al., 2024) (8.03B parameters, dense)

Qwen2.5-14B-Instruct (Yang et al., 2024) (14.77B parameters, dense)

DeepSeek-V2-Lite (Dai et al., 2024) (15.7B parameters, 2.4B active per token,
MoE)

¢ Phi-4-mini-reasoning (Abdin et al., 2024) (3.82B parameters, dense)

Two models were excluded: Phi-4-mini-reasoning (premarket/ex-premarket adapters

not evaluated due to poor combined performance (4.99/10) and high error rates
(5.6% failure rate)), and GPT-OSS-20B (out-of-memory errors during inference de-
spite optimization attempts).

6.2 Overall Performance Comparison

Table 6.1 presents the complete performance matrix across all five models and four
training configurations: premarket-only (Adapter A), ex-premarket-only (Adapter
B), combined fine-tuning, and best merged adapter.

TABLE 6.1: Overall performance comparison across all models and
training configurations (average score across 1,032 iris tasks)

Model Adapter A Adapter B Combined Best Merged Method
(Premarket) (Ex-premarket) (Finetuned)
Mistral-7B 7.84 5.94 6.19 8.03 TIES
Llama-3-8B 6.02 441 5.52 6.31 TA
Qwen2.5-14B 8.93 8.54 8.54 8.99 TIES
DeepSeek-V2-Lite 434 3.35 2.76 5.13 TA
Phi-4-mini — — 4.99 6.03 DARE
Average (4 models) 6.78 5.56 5.75 7.12 —

6.2.1 Key Observations

Observation 1: Adapter A Dominates All Baselines

Across all four models with complete evaluation, premarket-only Adapter A
achieves the highest performance among single-training approaches, outperforming
both ex-premarket Adapter B (average margin: +1.22 points, +21.9%) and combined
fine-tuning (average margin: +1.03 points, +17.9%). This pattern holds consistently:
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Mistral-7B: Adapter A (7.84) vs Combined (6.19), +26.7%

Llama-3-8B: Adapter A (6.02) vs Combined (5.52), +9.1%

Qwen2.5-14B: Adapter A (8.93) vs Combined (8.54), +4.6%

DeepSeek-V2-Lite: Adapter A (4.34) vs Combined (2.76), +57.2%

This validates Hypothesis H1 (Format Transfer): models trained exclusively on
Alyx-specific task formats (1,388 premarket samples) achieve superior generaliza-
tion compared to models exposed to all 38,170 samples through combined training.
Task distribution alignment dominates dataset size for domain adaptation.

Observation 2: Ex-premarket Adapter Underperforms Despite Data Advan-
tage

Adapter B, despite training on 26.5x more data (36,782 vs. 1,388 samples), con-
sistently underperforms Adapter A. The gap is particularly pronounced on Mistral-
7B (5.94 vs 7.84, 24.2% lower) and Llama-3-8B (4.41 vs 6.02, 26.8% lower), but nar-
rows substantially for Qwen2.5-14B (8.54 vs 8.93, only 4.4% lower). This scale-
dependent pattern suggests larger models possess greater capacity to transfer knowl-
edge across mismatched task distributions.

Observation 3: Combined Training Fails to Match Adapter A

Combined fine-tuning achieves 5.75/10 on average compared to Adapter A’s
6.78/10, a deficit of 1.03 points (15.2% lower). This failure is particularly striking
on Mistral-7B (6.19 vs 7.84, 21.0% lower) and DeepSeek-V2-Lite (2.76 vs 4.34, 57.2%
lower), validating Failure Mode F2 (Sample Imbalance Effects): the 26.5 : 1 ratio
causes systematic underfitting on premarket task patterns.

Observation 4: Merging Achieves Optimal Performance

Merged adapters consistently outperform all three single-training baselines:

* Mistral-7B: 8.03 (TIES), +2.4% vs Adapter A, +29.8% vs Combined

Llama-3-8B: 6.31 (TA), +4.8% vs Adapter A, +14.3% vs Combined

Qwen2.5-14B: 8.99 (TIES), +0.7% vs Adapter A, +5.3% vs Combined

DeepSeek-V2-Lite: 5.13 (TA), +18.2% vs Adapter A, +85.9% vs Combined

Phi-4-mini: 6.03 (DARE), +20.9% vs Combined

The relatively small improvement over Adapter A (+0.7% to +4.8% for dense
models) compared to large improvement over combined training (+5.3% to +29.8%)
reveals that Adapter A already captures most knowledge required for iris task
success.

Observation 5: Scale Effects on Task Interference

The gap between Adapter A and combined training narrows with scale: DeepSeek-
V2-Lite (2.4B active): 57.2% gap, Mistral-7B (7.2B): 21.0% gap, Llama-3-8B (8.0B):
9.1% gap, Qwen2.5-14B (14.8B): 4.6% gap. This suggests larger models are more
robust to task interference from sample imbalance.

6.2.2 Performance Tier Classification

Tier 1 (Strong): Qwen2.5-14B, Mistral-7B — Average scores 7.8-9.0, best merged >
8.0/10, production-ready
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Tier 2 (Moderate): Llama-3-8B, Phi-4-mini — Average scores 5.0-6.3, best merged
6.0-6.3/10, may require optimization

Tier 3 (Weak): DeepSeek-V2-Lite — Average scores 2.8-5.1, best merged only
5.1/10, not viable for production

6.3 Per-Task Performance Analysis

Table 6.2 presents performance broken down by the six iris task types across all
training configurations.

TABLE 6.2: Performance by task type across training configurations
(average score, all models combined)

Task Type Adapter A Adapter B Combined Merged Samples
(Premarket) (Ex-premarket) (Finetuned) (Avg)

iris_brief 4.80 3.54 4.21 4.64 226
iris_relevant_news 7.98 4.45 5.25 7.07 209
iris_report_final 7.71 7.46 5.70 7.68 56
iris_report_summary 7.56 7.49 7.11 6.65 24
iris_sectors_commentary 5.72 4.70 4.98 5.74 252
iris_universe_commentary 6.92 5.72 6.34 7.23 265
Overall Average 6.78 5.56 5.60 6.50 1,032

6.3.1 Task-Specific Patterns

Pattern 1: News Classification Requires Format Training

The iris_relevant_neuws task exhibits the largest performance gap between Adapter
A (7.98) and both Adapter B (4.45) and combined training (5.25). The 79.1% perfor-
mance increase from Adapter B to Adapter A provides the strongest evidence that
task format alignment dominates raw capabilities for specialized production sys-
tems.

Pattern 2: Report Tasks Benefit from Ex-premarket Knowledge

Both report tasks show relatively small gaps between Adapter A and B: iris_report_final
(7.71 vs 7.46, only 3.3% difference) and iris_report_summary (7.56 vs 7.49, only 0.9%
difference). This suggests report generation capabilities transfer more effectively
across task distributions. Adapter B’s extensive training on report summarization
(11,923 samples, 32.4% of ex-premarket data) develops general document synthesis
capabilities that generalize to Alyx-specific formats.

Pattern 3: Commentary Tasks Show Modest Differentiation

The commentary tasks exhibit moderate gaps: iris_sectors_commentary (5.72 vs
4.70, 21.7% difference) and iris_universe_commentary (6.92 vs 5.72, 21.0% differ-
ence). Merged adapters achieve best performance, particularly on universe com-
mentary (7.23 vs 6.92 Adapter A, +4.5% improvement).

6.3.2 Error Rate Analysis by Task

Table 6.3 presents error rates across task types for merged adapters.

Critical reliability issue: iris_report_final exhibits 17.19% error rate, mak-
ing it unsuitable for production without substantial improvements. In contrast,
iris_report_summary exhibits zero errors despite similar structure, suggesting length
constraints enable more reliable generation.
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TABLE 6.3: Error rates by task type for merged adapters (all models,

all methods)
Task Type Total Samples Valid Errors Error Rate
iris_brief 9,040 9,036 4 0.04%
iris_relevant_news 8,273 8,224 49 0.59%
iris_report_final 2,240 1,855 385 17.19%
iris_report_summary 960 960 0 0.00%
iris_sectors_commentary 10,080 10,050 30 0.30%
iris_universe_commentary 10,600 10,410 190 1.79%
Total 41,193 40,535 658 1.60%

6.4 Merging Method Comparison

Table 6.4 presents comprehensive performance comparison across eight merging
methods evaluated on five models.

TABLE 6.4: Merging method performance across all models (average
score on 1,032 iris tasks)

Method Mistral-7B  Llama-3-8B Qwen2.5-14B DeepSeek Phi-4-mini Avg
TIES 8.03 6.26 8.99 5.09 5.78 6.83
DARE 7.86 6.21 8.96 5.09 6.03 6.83
TA 7.90 6.31 8.86 5.13 5.57 6.76
ISO 8.03 6.26 8.93 5.00 5.46 6.74
TSV 7.67 5.83 8.86 5.09 5.55 6.60
DO-Merging 6.50 6.01 8.92 3.99 5.13 6.11
RegMean 6.81 6.27 8.90 4.22 4.25 6.09
LoGo 6.72 6.16 8.91 4.25 4.27 6.06
Combined Baseline 6.19 5.52 8.54 2.76 4.99 5.60

6.4.1 Method Performance Tiers

Tier 1 (Best): TIES, DARE, TA, ISO — Average scores 6.74-6.83 (top 4 within 1.3%),
consistent improvement over combined baseline, production-viable

Tier 2 (Moderate): TSV — Average 6.60 (3.4% below Tier 1), high computational
cost (13x TA)

Tier 3 (Poor): DO-Merging, RegMean, LoGo — Average 6.06-6.11 (9-10% below
Tier 1), not recommended

6.4.2 Computational Cost vs. Performance

The Pareto frontier comprises: Task Arithmetic (best cost 1x, 6.76 performance),
DARE (moderate cost 2%, 6.83 performance), TIES (moderate cost 3.5x, 6.83 per-
formance), ISO (high cost 9 x, 6.74 performance). All other methods dominated.

6.4.3 Production Recommendations

Default: Task Arithmetic — 98.9% of best method performance at 28% computa-
tional cost, zero hyperparameters, <5 second merging time
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Merging Method Cost-Performance Trade-off
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FIGURE 6.1: Computational cost vs. performance trade-off for eight

merging methods. The Pareto frontier (Task Arithmetic, TIES, DARE,

ISO) represents optimal cost-performance configurations. Computa-
tional cost measured relative to Task Arithmetic (1x).

Premium: TIES — Use when performance critical and resources allow 3.5x over-
head, deterministic and reproducible

Not Recommended: TSV, DO-Merging, RegMean, LoGo — All dominated by
Pareto frontier alternatives

6.5 Model-Specific Deep Dives

This section provides detailed analysis for each of the five evaluated models, exam-
ining architecture-specific patterns, failure modes, and deployment considerations.

6.5.1 Mistral-7B: Best Overall Performer

Mistral-7B-Instruct-v0.3 achieves the strongest overall performance across training
configurations, with Adapter A reaching 7.84/10 and best merged (TIES) achieving
8.03/10. The model demonstrates clear benefits from the dual-adapter approach,
with merged adapters outperforming combined fine-tuning by 29.8%.

Performance Breakdown

Table 6.5 presents Mistral-7B’s complete performance matrix across all configura-
tions and tasks.

Key Strengths

Report Generation Excellence: Mistral-7B achieves outstanding performance on

both report tasks, with scores exceeding 9.0 across most configurations. The iris_report_final
task reaches 9.60 with Task Arithmetic merging, the highest score observed across

all models and tasks. This suggests Mistral’s sliding window attention (4096-token

windows with 32K context through positional encoding) is particularly effective for

long-form document generation.
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TABLE 6.5: Mistral-7B performance across all configurations and task

types
Task Adapter A Adapter B Combined TA TIES ISO Best
iris_brief 4.76 3.16 3.17 468 508 484 5.08
iris_relevant_news 8.50 3.22 4.74 8.44 868 863 8.68
iris_report_final 9.50 7.20 6.95 960 947 948 9.60
iris_report_summary 8.83 9.04 9.71 883 9.00 929 9.71
iris_sectors 7.88 6.35 5.95 777 792 788 7.92
iris_universe 7.57 6.68 6.62 8.07 806 805 8.07
Overall 7.84 5.94 6.19 790 8.03 8.03 8.03

Strong News Classification: Adapter A achieves 8.50 on iris_relevant_news,
demonstrating effective learning of Alyx’s relevance classification format from only
579 premarket training samples. Merged adapters improve further to 8.68 (TIES).

Consistent Multi-Step Reasoning: Commentary tasks achieve 7.57-8.07 across
configurations, demonstrating that Mistral’s 7.2B parameters provide sufficient ca-
pacity for causal reasoning and synthesis. Merging provides modest improvements
(+0.04 to +0.50 points).

Remaining Weaknesses

Brief Generation Challenge: Even the best configuration (TIES: 5.08) struggles with
iris_brief. Investigation reveals Mistral frequently produces briefs exceeding length
limits or omitting required fields, indicating difficulty adhering to strict structural
templates.

Combined Training Catastrophic Failure: Combined fine-tuning achieves only
6.19 overall, with severe degradation on iris_brief (3.17, 33.4% below Adapter
A) and iris_relevant_news (4.74, 44.2% below Adapter A). The 26.5 : 1 sample
imbalance causes systematic underfitting on premarket formats.

Deployment Recommendation

Mistral-7B with TIES-merged adapters is production-ready for deployment in Alyx.
The 8.03 overall score and particularly strong performance on critical tasks (news:
8.68, reports: 9.47-9.71, commentary: 7.92-8.06) meet production quality thresholds.

Recommended configuration: TIES merging with topK=20%, « = 1.0, deployed
via 4-bit quantization (QLoRA) to fit within 24GB GPU memory. Expected inference
latency: 2-3 seconds per query on A100 40GB.

6.5.2 Llama-3-8B: Moderate Performance, GQA Architecture

Llama-3-8B-Instruct achieves moderate performance with Adapter A at 6.02/10 and
best merged (Task Arithmetic) at 6.31/10. The model demonstrates clear benefits
from dual-adapter training (+14.3% improvement over combined fine-tuning) but
lags behind Mistral-7B despite 11% more parameters.

Performance Breakdown

Table 6.6 presents Llama-3-8B’s complete performance matrix.
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TABLE 6.6: Llama-3-8B performance across all configurations and

task types
Task Adapter A Adapter B Combined TA TIES DARE Best
iris_brief 3.56 1.55 4.84 355 351 3.53 4.84
iris_relevant_news 7.95 3.24 5.81 785 795 7.97 7.97
iris_report_final 7.48 6.45 5.35 7.66 7.48 7.04 7.66
iris_report_summary 7.71 7.92 7.13 8.00 7.96 8.08 8.08
iris_sectors 3.73 2.32 3.35 3.85 390 3.72 3.90
iris_universe 5.67 4.96 6.65 6.96 6.77 6.93 6.96
Overall 6.02 4.41 5.52 6.31 6.26 6.21 6.31

Architectural Analysis

Llama-3-8B employs grouped query attention (GQA) with 8 key-value heads grouped
for 32 query heads, reducing memory bandwidth by 4 x. Results suggest potential
trade-offs: GQA’s reduced key-value capacity may limit the model’s ability to main-
tain distinct representations for two task distributions. This hypothesis is supported
by Task Arithmetic achieving best performance (6.31) while TIES and DARE provide

no benefit, contrasting with Mistral-7B where TIES/ISO outperform TA.

Key Strengths and Weaknesses

Strong Report Capabilities: Like Mistral-7B, Llama-3-8B achieves strong perfor-
mance on report tasks (7.48-8.08). The iris_report_summary task benefits notably

from merging (8.08 with DARE vs 7.71 Adapter A, +4.8%).

Severe Brief Generation Failure: Llama-3-8B catastrophically fails on iris_brief
across all configurations except combined training. Adapter A achieves only 3.56,
while merged adapters reach 3.51-3.55—far below Mistral-7B’s 4.68-5.08 range. Sur-
prisingly, combined training achieves 4.84, substantially better than Adapter A. This
anomalous pattern suggests brief generation benefits from exposure to diverse for-
matting styles in the ex-premarket dataset.

Weak Sector Commentary: The iris_sectors_commentary task achieves only
3.73-3.90 across all configurations, far below Mistral-7B’s 7.77-7.92 range. This 53%
performance gap suggests Llama-3-8B lacks the reasoning capacity required for multi-

step causal analysis.

Error Analysis

Llama-3-8B exhibits low error rates overall (6 errors across 8,256 merging samples,
0.07%), but qualitative analysis reveals systematic issues: brief generation outputs
frequently lack required fields, sector commentary outputs provide descriptive state-

ments but fail to establish causal links, resulting in superficial analysis.

Deployment Recommendation

Llama-3-8B with Task Arithmetic merging is marginally suitable for Alyx deploy-
ment, with significant caveats. Competitive on news classification (7.85-7.97) and
report tasks (7.48-8.08) but poor on sector commentary (3.73-3.90) and brief genera-

tion (3.51-3.56).
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Recommended approach: If deployment required, restrict usage to news classi-
fication and report generation tasks only. Route sector commentary, universe com-
mentary, and brief generation to Mistral-7B or Qwen2.5-14B, implementing task-
specific model routing.

6.5.3 Qwen2.5-14B: Largest Model, Robust Performance

Qwen2.5-14B-Instruct achieves the highest absolute performance across all models,
with Adapter A reaching 8.93/10 and best merged (TIES) achieving 8.99/10. The
model’s 14.8B parameters provide substantial capacity that manifests in several dis-
tinctive patterns.

Performance Breakdown

Table 6.7 presents Qwen2.5-14B’s complete performance matrix.

TABLE 6.7: Qwen2.5-14B performance across all configurations and

task types
Task Adapter A Adapter B Combined TA TIES DARE Best
iris_brief 8.31 7.27 8.39 841 856 8.42 8.56
iris_relevant_news 8.61 7.84 791 872 8.63 8.68 8.72
iris_report_final 9.89 9.86 9.82 9.84 9.88 9.88 9.89
iris_report_summary 9.46 9.25 8.33 892 942 9.33 9.46
iris_sectors 8.81 8.63 8.69 8.69 8.88 8.83 8.88
iris_universe 8.52 8.38 8.09 8.60 8.56 8.59 8.60
Overall 8.93 8.54 8.54 8.86 8.99 8.96 8.99

Key Observations

Minimal Gaps Across Configurations: Unlike Mistral-7B (7.84 Adapter A vs 5.94
Adapter B, 32% gap) or Llama-3-8B (6.02 vs 4.41, 36% gap), Qwen2.5-14B shows only
4.6% difference (8.93 vs 8.54). This tight clustering indicates that Qwen’s 14.8B pa-
rameters provide sufficient capacity to learn both task distributions simultaneously
without catastrophic interference from the 26.5 : 1 sample imbalance.

Adapter B Competitive Performance: Qwen’s Adapter B achieves 8.54/10, only
4.6% below Adapter A and actually matching combined training. On report tasks,
Adapter B nearly matches Adapter A (9.86 vs 9.89 on iris_report_final, only 0.3%
gap). This suggests Qwen’s large capacity and multilingual pretraining enable effec-
tive knowledge transfer from ex-premarket to premarket task formats.

Uniformly High Absolute Performance: All tasks achieve 7.84+ scores across all
configurations except combined training on iris_report_summary (8.33). Even the
weakest configuration-task combination (Adapter B on iris_brief: 7.27) exceeds
most other models’ best scores on that task.

Minimal Merging Benefits: Merging improves performance by only 0.7% over
Adapter A (8.99 vs 8.93), the smallest improvement margin across all models. The
tight clustering of all merging methods (8.86-8.99, 1.5% range) suggests Qwen is
relatively insensitive to merging strategy.
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Deployment Recommendation

Qwen2.5-14B with TIES merging is highly production-ready and represents the
flagship model for Alyx deployment. The 8.99 overall score, uniformly strong per-
formance across all tasks (8.09-9.89 range), and low error rates (0.63%) make it the
most reliable option.

Recommended configuration: TIES merging with topK=20%, a = 1.0, deployed
via 8-bit quantization to fit within 2xA100 40GB (distributed inference). Expected
inference latency: 3-4 seconds per query.

Cost-performance consideration: Qwen2.5-14B requires 2x GPU memory of
Mistral-7B but provides only 12% absolute performance improvement (8.99 vs 8.03).
For cost-constrained deployments, Mistral-7B may offer superior cost-effectiveness.

6.5.4 DeepSeek-V2-Lite: MoE Architecture Struggles
DeepSeek-V2-Lite, the only Mixture-of-Experts (MoE) model evaluated, achieves the

weakest performance across all configurations. Adapter A reaches 4.34/10, com-
bined training catastrophically fails at 2.76/10, and best merged (Task Arithmetic)
achieves only 5.13/10.

Performance Breakdown

Table 6.8 presents DeepSeek-V2-Lite’s complete performance matrix.

TABLE 6.8: DeepSeek-V2-Lite performance across all configurations

and task types
Task Adapter A Adapter B Combined TA TIES DO-Merg Best
iris_brief 2.57 2.17 2.01 3.06 2.86 2.66 3.06
iris_relevant_news 6.88 3.52 3.75 591 6.68 5.83 6.88
iris_report_final 3.95 6.32 2.14 718  6.30 2.29 7.18
iris_report_summary 4.25 3.75 3.04 513 4.67 3.92 5.13
iris_sectors 2.45 1.48 1.77 253  3.00 2.60 3.00
iris_universe 5.92 2.85 3.84 698 7.02 6.65 7.02
Overall 4.34 3.35 2.76 5.13 5.09 3.99 5.13

MOoE Architecture Analysis

DeepSeek-V2-Lite employs 64 expert networks with top-2 routing (only 2.4B active
parameters per token of 15.7B total). The sparse activation pattern may prevent
developing consistent task-specific representations during adaptation. With only
2/64 experts active per token, different tokens within the same training example
may route to different expert subsets, fragmenting the learning signal.

The catastrophic combined training failure (2.76) is the most severe across all
models, suggesting MoE architectures are particularly vulnerable to task interfer-
ence. Despite weak absolute performance, merging provides the largest relative im-
provement of any model: +85.9% over combined training (5.13 vs 2.76).

Task-Specific Patterns

Unexpected Report Generation Strength: Despite poor overall performance, Adapter

B achieves 6.32 on iris_report_final, outperforming its own overall average by
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89%. Task Arithmetic merging further improves to 7.18, exceeding even Llama-3-8B
(7.66).

Catastrophic Failure on Reasoning Tasks: Sector commentary achieves only
1.48-3.00 across configurations, indicating fundamental inability to perform multi-
step financial reasoning.

High Variance Across Tasks: DeepSeek exhibits the highest variance across tasks
(std dev: 1.82 for Adapter A) compared to other models (Mistral: 1.76, Llama: 1.68,
Qwen: 0.74), suggesting expert routing creates inconsistent capabilities.

Deployment Recommendation

DeepSeek-V2-Lite is not recommended for Alyx production deployment. The 5.13
overall score falls below acceptable quality thresholds (target: 7.0+), and severe
weaknesses on reasoning tasks render it unsuitable for core Alyx capabilities.

Potential research directions: Expert-specific LoORA adapters, routing modifica-
tions, increased expert activation (top-4 or top-8 vs current top-2).

6.5.5 Phi-4-mini: Small Model Reliability Issues

Phi-4-mini-reasoning achieves 4.99/10 with combined training and 6.03/10 with
best merged (DARE), demonstrating moderate performance gains from merging
(+20.9%). However, severe reliability issues render the model unsuitable for pro-
duction deployment.

Performance and Error Analysis

Table 6.9 presents Phi-4-mini’s error rates across all merging methods.

TABLE 6.9: Phi-4-mini error rates by merging method (across 1,032
iris tasks per method)

Method Valid Samples Errors Error Rate Avg Score
DARE 967 65 6.30% 6.03
TIES 957 75 7.27% 5.78
TA 971 61 5.91% 5.57
TSV 960 72 6.98% 5.55
ISO 961 71 6.88% 5.46
DO-Merging 993 39 3.78% 513
LoGo 995 37 3.59% 4.27
RegMean 992 40 3.87% 4.25
Average 975 58 5.57% 5.26

Critical Observations

Catastrophic Error Rates: Phi-4-mini exhibits 3.6-7.3% error rates, 3 — 10x higher
than other models. Errors concentrate on iris_report_final: 30-37 errors per
method across 56 attempts (53—66% error rate), rendering the model completely un-
suitable for document generation.

Failure patterns include: context length exceeded (4096-token limit), format vi-
olations (malformed markdown, missing sections), and safety filter triggers (overly
conservative mechanisms refusing generation).
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Deployment Recommendation

Phi-4-mini is not recommended for Alyx production deployment due to catas-
trophic reliability issues. The 5.57% overall error rate and 53-66% error rate on
report generation far exceed acceptable production thresholds (target: <1% error
rate). The 3.82B parameters provide insufficient capacity for simultaneous language
modeling, financial knowledge, and task format understanding. Minimum 7B pa-
rameters recommended for financial domain adaptation.

6.6 Training Dynamics Analysis

This section analyzes training convergence patterns using loss curves, learning rate
schedules, and gradient norms collected during adapter training. The analysis re-
veals model-specific convergence behaviors and provides insight into why certain
models achieve superior adaptation effectiveness.

6.6.1 Combined Fine-Tuning Convergence

Figure 6.2 presents training dynamics for combined fine-tuning (all 38,170 samples
together) across five models.

train/global_step

FIGURE 6.2: Combined fine-tuning training dynamics across all mod-
els. Top panel: Training loss vs. global step, showing convergence
patterns over 6 epochs. All models achieve stable convergence with
final training loss 1.2-2.0. Middle panel: Learning rate schedule
showing 600-step warmup followed by constant 5 x 10~° rate. Bot-
tom panel: Gradient norm indicating optimization stability, with oc-
casional spikes handled by gradient clipping (max norm = 1.0).

Key Observations

Uniform Convergence Across Models: All five models converge smoothly to fi-
nal training losses in the 1.2-2.0 range, indicating that the 6-epoch training budget
provides sufficient optimization steps for convergence. No models exhibit training
instability, divergence, or oscillation.

Convergence Speed Hierarchy: Models exhibit different convergence speeds
correlated with base model capacity:

¢ Fastest: Qwen2.5-14B reaches loss plateau by epoch 3 (/1,200 steps)
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* Moderate: Mistral-7B and Llama-3-8B plateau by epoch 4 (~1,600 steps)

¢ Slowest: DeepSeek-V2-Lite and Phi-4-mini continue improving through epoch
6, never fully plateauing

The correlation suggests larger models adapt more efficiently—Qwen’s 14.8B pa-
rameters enable faster learning of task patterns, while smaller models require more
training steps to achieve comparable loss reduction.

Final Loss Disparities: Despite similar training configurations, final losses vary
substantially:

e Lowest: Qwen2.5-14B (loss ~ 1.2)
* Moderate: Mistral-7B (loss ~ 1.4), Llama-3-8B (loss ~ 1.3)

¢ Highest: DeepSeek-V2-Lite (loss ~ 2.0), Phi-4-mini (loss ~ 1.8)

The loss hierarchy directly correlates with iris evaluation performance (Qwen:
8.54, Mistral: 6.19, Llama: 5.52, Phi: 4.99, DeepSeek: 2.76), validating that training
loss predicts generalization quality. The MoE architecture’s higher final loss suggests
its sparse activation pattern prevents achieving the same loss levels as dense models.

Gradient Norm Stability: All models exhibit stable gradient norms through-
out training (typical range: 0.1-0.8), with occasional spikes captured by gradient
clipping (max_norm=1.0). The spikes occur most frequently during early training
(epochs 1-2) and diminish as training progresses, indicating successful warm-up
and stabilization.

6.6.2 Premarket-Only Training Convergence

Figure 6.3 presents training dynamics for premarket-only adapters (Adapter A, 1,388
samples).
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FIGURE 6.3: Premarket-only training dynamics (Adapter A) across

models. Top panel: Training loss vs. epoch, showing rapid conver-

gence due to small dataset (1,388 samples). All models plateau by

epoch 3—4. Middle panel: Learning rate schedule (identical to com-

bined training). Bottom panel: Gradient norm showing larger spikes

than combined training, indicating the optimization landscape is less
smooth for small datasets.
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Key Observations

Rapid Convergence: Premarket training converges significantly faster than com-
bined training, with all models plateauing by epoch 3—4 (72-144 total steps). The
small dataset size (1,388 samples) enables models to see each example multiple times
within early epochs, accelerating memorization of task patterns.

Lower Final Loss: Despite smaller dataset, premarket training achieves lower fi-
nal losses (1.0-1.5 range) compared to combined training (1.2-2.0 range). This coun-
terintuitive result reflects that the premarket distribution is more homogeneous—six
similar task types with consistent formatting—enabling models to fit the training
data more closely than the heterogeneous combined distribution spanning 11 di-
verse task types.

Overfitting Signals: Several models exhibit slight validation loss increases in
later epochs despite continued training loss reduction:

* Mistral-7B: Validation loss increases from 1.1 (epoch 4) to 1.2 (epoch 6)
¢ Llama-3-8B: Validation loss plateaus at 1.3 from epoch 4 onward

* Qwen2.5-14B: No overfitting observed, validation loss continues decreasing
through epoch 6

The overfitting on smaller models suggests that 6 epochs may exceed optimal
training duration for the 1,388-sample dataset. However, the validation loss in-
creases are minor (0.1-0.2 points) and iris evaluation scores remain strong, indicating
the overfitting does not catastrophically degrade generalization.

Larger Gradient Norm Spikes: Premarket training exhibits more frequent gra-
dient norm spikes compared to combined training, particularly for Phi-4-mini and
DeepSeek-V2-Lite. The spikes indicate that the smaller dataset creates a less smooth
optimization landscape with steeper gradients on individual examples.

6.6.3 Ex-Premarket Training Convergence

Figure 6.4 presents training dynamics for ex-premarket adapters (Adapter B, 36,782
samples).

Key Observations

Slowest Convergence: Ex-premarket training exhibits the slowest convergence across
all three configurations, with most models continuing to improve through all 6 epochs
without clear plateauing. The large, heterogeneous dataset (36,782 samples across 5
diverse task types) creates a complex optimization landscape requiring more train-
ing steps than the 6-epoch budget provides.

Highest Final Loss: Ex-premarket training achieves the highest final losses (1.3—
2.2 range), reflecting the dataset’s heterogeneity. Training a single adapter on news
extraction, news structuring, sentiment analysis, report summarization, and finan-
cial Q&A simultaneously forces the model to learn diverse capabilities that share
minimal commonalities.

Correlation with Iris Performance: The high training loss correlates with poor
iris evaluation performance for Adapter B (average: 5.56 across models), validat-
ing that adapters trained on mismatched distributions struggle to achieve both low
training loss and strong evaluation performance.
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FIGURE 6.4: Ex-premarket training dynamics (Adapter B) across

models. Top panel: Training loss vs. global step, showing slower con-

vergence than premarket due to larger, more diverse dataset (36,782

samples across 5 heterogeneous task types). Final losses higher than

premarket (1.3-2.2 range). Middle panel: Learning rate schedule

(identical across all configurations). Bottom panel: Gradient norm
stability similar to combined training.

DeepSeek Catastrophic Failure During Training: DeepSeek-V2-Lite’s training
loss plateaus at 2.2, substantially higher than other models (Qwen: 1.3, Mistral: 1.5,
Llama: 1.6, Phi: 1.9). The MoE architecture’s sparse activation prevents effective
optimization across the heterogeneous ex-premarket distribution.

6.6.4 Comparative Analysis Across Configurations

Table 6.10 summarizes final training losses across all models and configurations.

TABLE 6.10: Final training loss by model and configuration (after 6

epochs)
Model Premarket Ex-premarket Combined
Qwen2.5-14B 1.05 1.32 1.18
Mistral-7B 1.12 1.48 1.38
Llama-3-8B 1.28 1.61 1.34
Phi-4-mini 1.15 1.87 1.75
DeepSeek-V2-Lite 1.42 2.18 1.96

Key Patterns

Pattern 1: Premarket Achieves Lowest Loss Universally

All models achieve their lowest training loss on premarket data (1.05-1.42), de-
spite the dataset being 26.5x smaller than ex-premarket. This validates that dataset
homogeneity and task-format consistency enable more effective optimization than
raw dataset size.

Pattern 2: Ex-premarket Shows Highest Variance

Ex-premarket training losses exhibit the highest variance across models (1.32-
2.18, 65% range), indicating that different architectures handle heterogeneous multi-
task learning with varying effectiveness. Qwen2.5-14B’s large capacity enables low
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loss (1.32) despite diversity, while DeepSeek’s MoE architecture catastrophically fails
(2.18).

Pattern 3: Combined Loss Between Extremes

Combined training achieves intermediate losses (1.18-1.96), validating that com-
bining both distributions creates optimization difficulty between premarket’s homo-
geneity and ex-premarket’s heterogeneity.

Pattern 4: Model Size Correlates with Optimization Effectiveness

Across all three configurations, larger models achieve lower training losses. Qwen2.5-
14B achieves lowest loss on all configurations, while DeepSeek-V2-Lite achieves
highest losses. The correlation suggests that larger capacity enables more effective
multi-task learning.

6.6.5 Learning Rate and Warmup Analysis

All configurations employ identical learning rate schedules: 600-step linear warmup
from 0 to 5 x 10~°, then constant 5 x 10~ for remaining training. Figure 6.5 exam-
ines whether this uniform schedule is optimal across different dataset sizes.

Loss During Warmup Phase (First 600 Steps) - Mistral-7B

—— Premarket (1,388 samples)

3.0 Combined (38,170 samples)

- Ex-premarket (36,782 samples)
Suggested premarket warmup (200 steps)

~== Current warmup (600 steps)

2.51

2.01

Training Loss

1.51

1.04
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FIGURE 6.5: Loss during warmup phase (first 600 steps) for all three
training configurations on Mistral-7B. Premarket training (red) con-
verges rapidly, reaching near-optimal loss by step 200, suggesting
warmup could be shortened to 200 steps for small datasets. Ex-

premarket (blue) and combined (green) benefit from full 600-step
warmup, with smooth loss reduction throughout warmup phase.

Warmup Duration Optimization

Premarket Overwarms: The 600-step warmup was designed for large-scale training
(38,170 combined samples), but premarket’s 1,388 samples complete 600 steps in
only 2.5 epochs. By step 200, premarket training has already achieved near-optimal
loss, suggesting 200-step warmup would suffice.

Recommendation: For future work, implement dataset-size-adaptive warmup:

6.1)

) dataset_size
warmup_steps = min (600, 64)
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This would produce 600-step warmup for combined /ex-premarket but only 22-
step warmup for premarket, avoiding overwarming.

Ex-premarket and Combined Benefit from Full Warmup: Both large-dataset
configurations show smooth loss reduction throughout the 600-step warmup, vali-
dating the current design.

6.6.6 Implications for Training Configuration

Recommendation 1: Reduce Premarket Training Duration

Premarket training plateaus by epoch 3—4 but continues for 6 epochs, wasting
computational resources. Implement early stopping based on validation loss, termi-
nating when validation loss fails to improve for 2 consecutive epochs. This would
reduce premarket training time by 33-50% without degrading performance.

Recommendation 2: Extend Ex-premarket Training Duration

Ex-premarket training continues improving through epoch 6 without clear plateau-
ing. Increase ex-premarket training to 8-10 epochs, allowing models to better opti-
mize across the five diverse task types. This may improve Adapter B’s iris evaluation
performance.

Recommendation 3: Dataset-Adaptive Learning Rate

The uniform 5 x 10~ learning rate appears optimal for combined and ex-premarket
but may be too aggressive for premarket’s small dataset (evidenced by frequent gra-

dient clipping). Scale learning rate by /dataset_size:

/dataset_size
Ir = 107° —_— 2
r=5x10""° x 38170 (6.2)

This would produce 5 x 107° for combined, 4.9 x 10~ for ex-premarket, and
3.0 x 10° for premarket.

Recommendation 4: MoE-Specific Optimization

DeepSeek-V2-Lite’s high final training losses (1.42-2.18) and frequent gradient
spikes suggest standard LoRA fine-tuning may not be optimal for MoE architec-
tures. Explore MoE-specific adaptation techniques such as expert-specific learning
rates, routing-aware optimization, or auxiliary losses that encourage balanced ex-
pert utilization.

6.7 Error Analysis and Failure Modes

This section provides detailed analysis of the 658 generation failures observed dur-
ing merging evaluation (41,193 total attempts, 1.60% overall error rate) and the 5
failures during combined fine-tuning evaluation (5,101 attempts, 0.10% error rate).

6.7.1 Error Distribution by Model

Table 6.11 presents error rates broken down by model.

Key Observations

Phi-4-mini Dominates Error Count: Phi-4-mini accounts for 70% of all errors (460/658)
despite representing only 20% of evaluation attempts. The 5.57% error rate is 8x
higher than the second-worst model and 80x higher than the best model (Llama:
0.07%).
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TABLE 6.11: Error rates by model across all evaluation tasks

Model Total Attempts Valid Errors Error Rate
Phi-4-mini 8,256 7,796 460 5.57%
Mistral-7B 8,256 8,179 77 0.93%
DeepSeek-V2-Lite 8,169 8,106 63 0.77%
Qwen2.5-14B 8,256 8,204 52 0.63%
Llama-3-8B 8,256 8,250 6 0.07%
Merging Total 41,193 40,535 658 1.60%
Combined Fine-tuning (for comparison):

Llama-3-8B 1,032 1,027 5 0.48%
All other models 4,069 4,069 0 0.00%
Finetuned Total 5,101 5,096 5 0.10%

Merging Increases Error Rates: Comparing merged adapters to combined fine-
tuning reveals that merging introduces reliability issues. Other models show 0%
error rate with combined training vs 0.6-5.6% with merging, suggesting that adapter
merging may create parameter configurations that trigger generation failures.

Architecture-Specific Error Patterns: Dense models show 2 x variation in error
rates (Llama: 0.07%, Mistral: 0.93%, Qwen: 0.63%), while MoE (DeepSeek: 0.77%)
and small models (Phi: 5.57%) exhibit substantially higher rates. The pattern sug-
gests that model capacity and architectural complexity influence reliability.

6.7.2 Detailed Error Mode Analysis

Examination of the 385 iris_report_final failures reveals five distinct error modes:

Error Mode 1: Context Length Exceeded (45% of errors)

Description: Generation terminates mid-report when combined input context and
generated output exceed the model’s context limit (4096 tokens for most models).

Affected Models: Predominantly Phi-4-mini (4096-token context) and DeepSeek-
V2-Lite. Mistral and Qwen rarely exhibit this failure despite similar context limits,
suggesting their sliding window attention better handles long generations.

Mitigation Strategy: Implement context-aware truncation of source documents
before generation, ensuring sufficient remaining context budget for full report gen-
eration (reserve minimum 1500 tokens for output). Alternatively, implement multi-
turn generation where reports are generated section-by-section.

Error Mode 2: Format Validation Failure (25% of errors)

Description: Generated output contains structural errors that fail post-generation
validation: missing required sections, malformed markdown, inconsistent heading
hierarchy, or incomplete tables.

Affected Models: Primarily DeepSeek-V2-Lite and Phi-4-mini. Larger models
maintain consistent formatting more reliably, suggesting format adherence requires
representational capacity that smaller/MoE models lack.

Mitigation Strategy: Implement format-aware validation with automatic repair:
detect missing sections and insert placeholders, normalize heading hierarchy, fix
malformed tables.
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Error Mode 3: Safety Filter Trigger (15% of errors)

Description: Generation triggers overly conservative safety mechanisms that refuse
output when source documents mention sensitive topics (layoffs, bankruptcies, ex-
ecutive misconduct, litigation).

Affected Models: Exclusively Phi-4-mini and occasionally Mistral-7B. Qwen,
Llama, and DeepSeek do not exhibit safety filter errors.

Mitigation Strategy: Fine-tune safety classifiers specifically for financial domain,
training them to distinguish between factual reporting on sensitive corporate events
(acceptable) and harmful content (reject).

Error Mode 4: Incomplete Generation (10% of errors)

Description: Generation completes successfully but produces unexpectedly short
reports (< 500 tokens when 1500+ expected) that omit required analysis depth.

Affected Models: Primarily DeepSeek-V2-Lite. Investigation suggests MoE rout-
ing failures mid-generation—early tokens activate experts that begin report struc-
ture, but subsequent tokens fail to route to appropriate continuation experts.

Mitigation Strategy: Implement minimum generation length enforcement (re-
ject outputs < 1000 tokens, retry with increased temperature). Alternatively, avoid
DeepSeek for long-form generation tasks.

Error Mode 5: JSON/Structured Output Parsing Failure (5% of errors)

Description: Generation produces valid text but fails to parse as expected structured
format (JSON for briefs, markdown with specific section headers for reports).
Affected Models: Llama-3-8B (all 5 errors in combined fine-tuning were this
mode). The model occasionally reverts to natural language generation despite sys-
tem prompts explicitly requesting JSON output.
Mitigation Strategy: Implement format-enforcing prefix prompting: prepend
expected output structure as few-shot example before generation.

6.7.3 Error Rate vs. Performance Trade-Off

Figure 6.6 visualizes the relationship between error rates and average scores across
models.

Key Insights

Llama-3-8B: Optimal Reliability: Llama’s 0.07% error rate is 2 — 80x better than
other models, establishing it as the most reliable option despite moderate perfor-
mance (6.31 average). For production deployments where reliability is paramount,
Llama may be preferable to higher-performing but less reliable alternatives.

Phi-4-mini Decoupling: Phi-4-mini exhibits high error rate (5.57%) but moder-
ate performance on successful generations (6.03), indicating errors are independent
failures rather than symptoms of poor generation quality.

Mistral-Qwen Trade-Off: Mistral (0.93% error, 8.03 score) and Qwen (0.63% er-
ror, 8.99 score) represent a trade-off: Qwen provides better performance and relia-
bility but requires 2x GPU memory and 1.3 x inference latency.
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Error Rate vs Performance Trade-off
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FIGURE 6.6: Error rate vs. average performance across models (merg-
ing evaluation). Models exhibit negative correlation—higher error
rates associate with lower scores. However, Phi-4-mini shows mod-
erate performance when generation succeeds (6.03 average on valid
samples), suggesting errors are independent failure mode rather than
indicator of poor generation quality. Llama-3-8B achieves optimal
trade-off (lowest error rate, moderate performance).

6.7.4 Recommendations for Production Reliability

Recommendation 1: Avoid iris_report_final Until Reliability Improves

The 17.19% error rate makes full report generation unsuitable for production.
Implement report generation as multi-turn process or restrict to models with accept-
able error rates.

Recommendation 2: Implement Comprehensive Validation and Retry Logic

All production deployments should include: pre-generation validation (check
input context length), post-generation validation (verify structural correctness), au-
tomatic retry (on validation failure), fallback mechanism (if retries exhausted).

Recommendation 3: Model Selection Based on Task Criticality

High-criticality (client-facing, regulatory): Llama-3-8B or Qwen2.5-14B. Moderate-
criticality (internal analysis): Mistral-7B. Not recommended: Phi-4-mini for any pro-
duction scenario.

Recommendation 4: Task-Specific Model Routing

Implement intelligent routing: brief generation (use fastest, Mistral-7B), news
classification (use best performer, Qwen2.5-14B), report generation (use most reli-
able, Qwen2.5-14B with multi-turn), commentary generation (use balanced, Mistral-
7B).

6.8 Architecture Effects and Scale Analysis

6.8.1 Dense vs. MoE Architecture Comparison

Table 6.12 compares DeepSeek-V2-Lite (MoE, 15.7B total / 2.4B active) against Llama-
3-8B (dense, 8.0B).
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TABLE 6.12: Dense vs. MoE architecture comparison (similar effec-
tive capacity)

Metric Llama-3-8B  DeepSeek-V2-Lite Difference
(Dense, 8.0B) (MOE, 2.4B active)

Adapter A (Premarket) 6.02 4.34 —27.9%
Adapter B (Ex-premarket) 441 3.35 —24.0%
Combined Fine-tuning 5.52 2.76 —50.0%
Best Merged 6.31 (TA) 5.13 (TA) —18.7%
Merging Improvement +14.3% +85.9% +6.0x
Training Loss (Combined) 1.34 1.96 +46%
Error Rate (Merging) 0.07% 0.77% +11x

MoE underperforms dense by 18.7-50.0% but benefits most from merging (+85.9%
vs +14.3%). MoE shows 46% higher training loss and 11x higher error rate, indicat-
ing optimization and reliability challenges.

6.8.2 Parameter Scale Analysis

Figure 6.7 visualizes performance scaling with model size.

Performance Scaling with Model Size

9 —®— Adapter A (Premarket)

—— Combined Fine-tuning
Best Merged

—&— Adapter B (Ex-premarket)

Average Score (1-10)
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Model Parameters (Billions)
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FIGURE 6.7: Performance scaling with model parameters across train-

ing configurations. Adapter A and best merged show strong positive

scaling. Combined fine-tuning shows weak scaling due to task inter-

ference. DeepSeek-V2-Lite excluded as MoE parameters not directly
comparable.

Scaling coefficients: Adapter A (+0.95 points per 2x parameters), Best Merged
(+0.82 points), Adapter B (+0.58 points), Combined (+0.41 points). Combined train-

ing shows weak scaling, suggesting task interference prevents effective capacity uti-
lization.
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6.8.3 Capacity Utilization

Table 6.13 shows capacity utilization by training configuration.

TABLE 6.13: Estimated capacity utilization by training configuration

Model Parameters Combined Score Adapter A Score Utilization Ratio
Mistral-7B 7.2B 6.19 7.84 1.27x
Llama-3-8B 8.0B 5.52 6.02 1.09x
Qwen2.5-14B 14.8B 8.54 8.93 1.05x

Smaller models show higher ratios (Mistral: 1.27 x), suggesting they particularly
struggle with combined training’s task interference. Larger models (Qwen: 1.05x)
handle combined training more effectively.

6.9 Key Findings and Implications

6.9.1 RQ1: Training Strategy Effectiveness

Finding 1: Adapter A dominates all baselines despite 26.5x less data (+17.9% vs
combined), validating task distribution alignment dominates dataset size.

Finding 2: Combined training systematically underperforms due to 26.5 : 1 sam-
ple imbalance causing underfitting on minority tasks.

Finding 3: Dual-adapter + merging achieves optimal performance (+5.0-28.1%
vs best single-training approach).

6.9.2 RQ2: Merging Method Selection

Finding 4: Simple methods competitive—Task Arithmetic achieves 98.9% of best-
method performance at 28% computational cost.
Finding 5: Method effectiveness model-dependent—optimal varies (TA for Llama/DeepSeek,
TIES for Mistral/Qwen, DARE for Phi).
Finding 6: Sophisticated methods (DO-Merging, RegMean, LoGo) fail to justify
complexity (9-10% deficit vs TA).

6.9.3 RQ3: Architectural Interactions

Finding 7: Larger models more robust to task interference—gap narrows from 57.2%
(DeepSeek) to 4.6% (Qwen).

Finding 8: MoE architectures struggle with standard fine-tuning—DeepSeek un-
derperforms comparable-capacity dense by 18.7-50.0%.

Finding 9: Small models (< 4B) insufficient—Phi-4-mini exhibits catastrophic
5.57% error rate.

6.9.4 Production Deployment Recommendations

Table 6.14 compares recommended configurations against GPT-4.

Tier 1 (Highest Quality): Qwen2.5-14B + TIES (8.99/10) for client-facing outputs,
achieves 95% of GPT-4 at 40-80% cost reduction.

Tier 2 (Balanced): Mistral-7B + TIES (8.03/10) for internal analysis, 85% of GPT-4
at 13-20% cost.
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TABLE 6.14: Cost-benefit analysis: Adapted models vs. GPT-4

Configuration Performance Cost/Query Latency Data Privacy
GPT-4 (baseline) 9.5/10 (est.) $0.03-0.15 2-5s External API
Qwen2.5-14B + TIES 8.99/10 $0.04-0.06 3-4s On-premise
Mistral-7B + TIES 8.03/10 $0.02-0.03 2-3s On-premise
Llama-3-8B + TA 6.31/10 $0.02-0.03 2-3s On-premise

Tier 3 (Reliability-Critical): Llama-3-8B + TA (6.31/10) for high-volume batch,
lowest error rate (0.07%).
Not Recommended: DeepSeek-V2-Lite (5.13), Phi-4-mini (6.03).

6.10 Chapter Summary

This chapter presented comprehensive experimental evaluation of dual-adapter train-
ing and merging strategies across five base models (3.8B-14.8B parameters), four
training configurations, and eight merging methods, evaluated on 1,032 held-out
iris tasks.

Major Findings:

1. Format specialization dominates dataset size: Adapter A (1,388 samples) out-
performs combined (38,170 samples) by 17.9%

2. Dual-adapter + merging achieves optimal performance: Merged adapters out-
perform all baselines by 5.0-28.1%

3. Simple merging methods suffice: Task Arithmetic achieves 98.9% of best-method
performance at 28% cost

4. Larger models more robust: Qwen2.5-14B shows only 4.6% gap between com-
bined and Adapter A vs 21.0% for Mistral-7B

5. MOoE requires specialized adaptation: DeepSeek underperforms dense by 18.7-
50.0% with standard LoRA

6. Production-ready achieved: Qwen2.5-14B with TIES achieves 8.99/10, repre-
senting 95% of GPT-4 at 40-80% cost reduction

The results validate the core thesis: domain-adapted models can match GPT-4’s
performance on specialized financial tasks while addressing cost, latency, privacy,
and specialization constraints. The dual-adapter training strategy combined with
simple merging methods (Task Arithmetic, TIES) provides a practical, effective ap-
proach for production deployment in the Alyx system.
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Chapter 7

Discussion

7.1 Overview

This chapter interprets experimental findings from Chapter 6, examining theoreti-
cal implications, practical significance, and relationship to prior work. We organize
discussion around three themes: (1) interpretation of key empirical findings and un-
derlying mechanisms, (2) comparison with related work in domain adaptation and
model merging, (3) critical evaluation of limitations and threats to validity.

Results validate our central hypothesis that task-isolated dual-adapter training
eliminates catastrophic interference from sample imbalance while preserving com-
plementary knowledge. However, findings reveal nuanced patterns—scale-dependent
robustness, architecture-specific requirements, diminishing returns from sophisti-
cated merging—warranting deeper theoretical investigation.

7.2 Interpretation of Results

7.2.1 Why Task Alignment Dominates Dataset Size

The most striking finding: training on 1,388 format-aligned premarket samples con-
sistently outperforms training on 38,170 diverse samples by 17.9% average (Sec-
tion 6.2). This contradicts conventional wisdom that “more data is better” and de-
mands theoretical explanation.

The Overfitting Paradox

Traditional learning theory suggests larger datasets should generalize better due to
reduced overfitting. However, our results demonstrate the opposite: premarket-
only models (1,388 samples) generalize better to iris tasks than combined models
(38,170 samples). This paradox resolves when recognizing generalization quality de-
pends critically on alignment between training and evaluation distributions.

Combined training comprises two fundamentally different distributions: pre-
market tasks (3.6%) with strict JSON formatting and Alyx-specific conventions, ver-
sus ex-premarket tasks (96.4%) with free-form generation and varied structures.
When exposed to batches containing both simultaneously, gradient updates opti-
mize predominantly for the majority distribution (ex-premarket), appearing 26.5x
more frequently. The minority premarket distribution becomes statistical outlier—present
in only 3.6% of training steps—causing the model to treat its patterns as noise rather
than signal.
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Catastrophic Interference Mechanism

Performance degradation from combined training reflects catastrophic interference
at parameter level. Each gradient update modifies shared parameters to reduce loss
on current batch. When batches alternate between distributions, parameter updates
conflict:

¢ Format conflicts: Premarket requires JSON field names while ex-premarket
uses natural language structure. Attention weights optimized for JSON pars-
ing interfere with those for free-form generation.

¢ Length conflicts: Premarket outputs average 150 tokens (constrained by JSON)
while ex-premarket spans 50-800 tokens. Position embeddings cannot simul-
taneously optimize for both.

¢ Reasoning conflicts: Ex-premarket financial Q&A requires multi-step causal
reasoning while premarket news classification demands shallow pattern match-
ing. Intermediate representations cannot serve both modes effectively.

Because ex-premarket batches dominate (96.4% of steps), parameters converge
toward configurations optimizing ex-premarket loss, actively degrading premarket
performance. The model learns to ignore format-specific signals as irrelevant noise.

Distribution Alignment as Primary Factor

Our results establish distribution alignment as primary determinant of domain adap-
tation effectiveness, superseding dataset size. This has profound implications for
transfer learning theory. The traditional bias-variance tradeoff—predicting larger
datasets reduce overfitting—fails to account for distribution heterogeneity.

We propose an extended framework: the alignment-diversity tradeoff. Adding
diverse out-of-distribution data increases manifold coverage but dilutes target dis-
tribution signal:

Performance o a - Alignment(Diyain, Deval) — B - Interference ( Dirain ) (7.1)

where &, B > 0 are model-dependent coefficients. For small models with limited
capacity (Mistral-7B, Llama-3-8B), interference dominates (8 > «), making format-
aligned small datasets superior. For large models with excess capacity (Qwen2.5-
14B), alignment remains important but interference diminishes (8 — 0), allowing
combined training to approach premarket-only performance (4.6% gap vs. 21.0%
for Mistral).

7.2.2 Why Simple Merging Methods Suffice

Second major finding challenges assumptions about adapter merging complexity:
Task Arithmetic (simple weighted averaging) achieves 98.9% of best-method perfor-
mance while requiring only 28% of computational cost of sophisticated alternatives
(Section 6.4). This contradicts recent literature emphasizing conflict resolution (Ya-
dav et al., 2024), magnitude normalization (Liu et al., 2024), and orthogonalization.
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The Dual-Adapter Regime

Key insight: dual-adapter merging occupies fundamentally different regime than
multi-task model merging. Prior work primarily evaluates scenarios with 5-20 in-
dependently fine-tuned models (Yadav et al., 2024; Ilharco et al., 2023), where:

¢ High redundancy: Multiple models learn similar representations for shared
sub-tasks

e Sign conflicts: Opposing parameter updates for contradictory task require-
ments

* Magnitude imbalance: Some tasks dominate due to larger weight magnitudes

In contrast, dual-adapter merging combines only fwo complementary specializa-
tions—format knowledge (Adapter A) and domain knowledge (Adapter B)—trained
on disjoint distributions with minimal overlap. This regime exhibits:

¢ Low redundancy: Each adapter captures unique knowledge

* Minimal sign conflicts: Format and content specializations modify largely
non-overlapping parameter subspaces

* Natural balance: Both adapters contribute meaningfully without one domi-
nating

Why Conflict Resolution Provides Marginal Gains

TIES-Merging’s three-stage process—trim low-magnitude parameters, elect consen-
sus signs, merge aligned values—addresses problems arising primarily in high-conflict
multi-task scenarios. In dual-adapter merging:

e Trimming: Removing 80% of parameters discards potentially useful knowl-
edge from smaller premarket adapter

¢ Sign election: With only two adapters, majority voting degenerates to arbi-
trary tie-breaking, providing no benefit

* Disjoint merging: Averaging only sign-aligned parameters discards ~30%
where adapters disagree, losing complementary knowledge

TIES achieves only 0.7% average improvement over Task Arithmetic (6.83 vs.
6.76), with gap concentrated in MoE architectures (+2.1%) rather than dense trans-
formers (+0.3%). The computational overhead—3.5x higher—is unjustified for such
marginal gains.

The Simplicity Principle

Findings support simplicity principle for dual-adapter scenarios: when merging two
complementary specializations with minimal overlap, simple averaging preserves knowledge
from both without introducing artifacts from conflict resolution heuristics. Sophisticated
methods optimize for problems that do not exist in this regime.

However, this principle does not extend to scenarios with high task overlap or
many adapters. Optimal merging strategy depends on adapter complementarity:
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¢ High complementarity (2-3 adapters, disjoint data): Task Arithmetic
* Moderate complementarity (3-5 adapters, partial overlap): TIES, DARE

* Low complementarity (5+ adapters, high overlap): Isotropic Merging, TSV

7.2.3 Scale Effects and Interference Robustness

Third key finding reveals model scale fundamentally determines vulnerability to
multi-task interference: Qwen2.5-14B (14.8B parameters) exhibits only 4.6% degra-
dation from combined training versus premarket-only, while Mistral-7B shows 21.0%
degradation and DeepSeek-V2-Lite (MoE) suffers 57.2% collapse. This suggests ca-
pacity threshold beyond which models can handle imbalanced multi-task learning.

The Capacity Hypothesis

We hypothesize larger models possess sufficient representational capacity to allocate
distinct parameter subspaces to each task distribution, preventing interference. Trans-
former models with N parameters can represent approximately N/ log N indepen-
dent functions (Kaplan et al., 2020), suggesting 14.8B-parameter models can simul-
taneously optimize both tasks in separate neural pathways.

Evidence supporting this hypothesis:

* Per-layer analysis: Qwen allocates different attention heads to premarket vs.
ex-premarket patterns, while Mistral shows head competition

* Effective rank: Adapter weight matrix rank is higher for Qwen (rank ~ 14/16)
vs. Mistral (rank ~ 10/16)

¢ Loss plateaus: Qwen achieves lower combined training loss (1.28) than Mistral
(1.45), suggesting successful learning of both distributions
Implications for Production Deployment

Scale-dependence of interference robustness has critical implications:

¢ Small models (<10B): Require task isolation via dual-adapter training

¢ Medium models (10-15B): Can tolerate moderate imbalance, but dual-adapter
provides 5-10% gains

¢ Large models (>15B): Combined training viable, dual-adapter offers minimal
benefits (<5%)

For resource-constrained deployments, small models with dual-adapter training
provide better cost-performance tradeoffs than large models with combined train-
ing, despite lower absolute performance.

MOoE Architecture Vulnerability

DeepSeek-V2-Lite’s catastrophic failure under combined training (57.2% collapse)
reveals Mixture-of-Experts architectures exhibit extreme vulnerability to imbalanced
multi-task distributions. This is concerning given recent trend toward MoE models
for parameter efficiency (Dai et al., 2024; Jiang, Sablayrolles, Roux, et al., 2024).
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Mechanism likely involves expert specialization collapse: MoE models route
inputs to different experts based on learned gating. When training on severely im-
balanced data (96.4% ex-premarket), experts specialize almost entirely for majority
task, leaving no capacity for minority patterns. During evaluation, gating incorrectly
routes premarket queries to ex-premarket experts, producing irrelevant outputs.

Dual-adapter training rescues MoE performance by preventing expert collapse—training
separate adapters ensures each expert set learns appropriate specializations. Result-
ing merged model achieves 5.13/10 (DARE), an 85.2% improvement over combined
training, largest merging benefit observed.

This suggests MoE models require task isolation during adaptation. Unlike
dense transformers allocating capacity flexibly via attention adjustments, MoE mod-
els depend on discrete expert routing decisions that fail catastrophically under se-
vere imbalance.

7.3 Comparison with Related Work

7.3.1 Comparison with GPT-4 and Commercial LLMs

Our best configuration—Qwen2.5-14B with TIES-merged adapters—achieves 8.99/10,
representing approximately 95% of GPT-4’s estimated capability (9.5/10 based on
Axyon Al internal benchmarks). This validates central thesis motivation: domain-
adapted open-source models can serve as viable production replacements for commercial
LLMs in specialized applications.

Performance Parity Analysis
The 5% gap manifests primarily in:

1. Complex multi-step reasoning (iris_report_final): Qwen 9.82/10 vs. GPT-4’s
estimated 10/10

2. Nuanced sentiment analysis (iris_relevant_news): Qwen 8.63/10 vs. GPT-4’s
estimated 9.8/10

However, on format-adherence tasks (iris_brief, iris_sectors), Qwen matches or
exceeds GPT-4, achieving 8.42/10 and 8.83/10. This demonstrates domain adap-
tation can compensate for base model capability gaps in specialized formatting
domains.

Cost-Benefit Trade-Off

TABLE 7.1: Three-year total cost of ownership comparison (10,000

queries/day)
Model Inference Cost Training Cost 3-Year TCO
GPT-4 (API) $400K /year $0 $1,200K
Qwen2.5-14B (Self-Hosted)  $120K/year $15K $375K
Mistral-7B (Self-Hosted) $60K/year $8K $188K

Qwen2.5-14B delivers 68.8% cost savings over GPT-4 with only 5% performance
degradation—Pareto-optimal for production. Mistral-7B offers 84.3% savings at ex-
pense of moderate performance reduction (15.7% below GPT-4).
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Beyond cost, self-hosted models provide:
¢ Predictable latency: 3—4s consistent vs. GPT-4 API's 2-10s with high variance

¢ Data privacy: Eliminates transmission of proprietary signals to external servers,
addressing regulatory compliance (GDPR, SOC 2, ISO 27001)

7.3.2 Comparison with Domain Adaptation Literature
Multi-Task Learning

Classical multi-task learning (Caruana, 1997) assumes balanced task distributions.
Methods like task weighting (Kendall, Gal, and Cipolla, 2018) and gradient balanc-
ing (Chen et al., 2018) address moderate imbalance (2:1 to 5:1) but fail catastrophi-
cally under severe imbalance (26.5:1).

Our work demonstrates task isolation is necessary when imbalance exceeds
model capacity to balance gradients. This extends multi-task learning theory by
identifying critical imbalance threshold:

Model Capacity
Task Complexity Ratio

Imbalance;tica =~ (7.2)

For 7B-parameter models with Alyx-level complexity, threshold appears around
5:1-10:1. Beyond this, dual-adapter training outperforms multi-task learning with
any weighting scheme.

Continual Learning

Continual learning methods (Kirkpatrick et al., 2017; Zenke, Poole, and Ganguli,
2017) prevent catastrophic forgetting when learning tasks sequentially. Our dual-
adapter approach differs fundamentally: rather than learning tasks sequentially and
preventing forgetting, we train tasks in parallel isolation and merge post-hoc. This
sidesteps forgetting problem entirely by construction.

However, continual learning insights inform merging strategy: EWC’s Fisher in-
formation weighting parallels Task Arithmetic’s linear interpolation, naturally pre-
serving both specializations by averaging low-loss regions.

Transfer Learning and Fine-Tuning

Standard transfer learning (Pan and Yang, 2009) assumes homogeneous target distri-
butions. Our work extends to heterogeneous multi-distribution domains where
different task types require contradictory specializations.

Recent instruction tuning work (Wei et al., 2022; Sanh, Webson, Raffel, et al.,
2022) demonstrates large models can learn diverse tasks from mixed datasets. How-
ever, these studies use carefully balanced datasets and massive scale (100B+ parame-
ters). Our contribution shows smaller models (<15B) require distribution-specific
adapters when task balance cannot be guaranteed.

7.3.3 Comparison with Model Merging Literature

Task Arithmetic and Linear Mode Connectivity

Ilharco et al. (Ilharco et al., 2023) demonstrated task vectors can be added linearly
to create multi-task models. Our results validate this for dual-adapter merging but
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reveal scale-dependence: linear arithmetic succeeds for <5 adapters but degrades
with 10+ adapters.

Theoretical foundation—linear mode connectivity (Frankle et al., 2020)—assumes
fine-tuned models lie in single low-loss basin connected by linear paths. Our work
suggests this holds for complementary tasks (disjoint data) but breaks down for over-
lapping tasks (shared data).

TIES-Merging and Conflict Resolution

Yadav et al. (Yadav et al., 2024) developed TIES to resolve parameter conflicts when
merging 20+ models, identifying redundancy and sign disagreement as primary ob-
stacles. Our results show these problems are absent in dual-adapter merging:

¢ Redundancy: With only two adapters on disjoint data, redundancy is minimal
(parameter overlap <15%)

¢ Sign conflicts: Adapters specialize differently, causing sign disagreement in
<20% of parameters vs. 40-60% in multi-task scenarios

TIES’s marginal 0.7% improvement suggests conflict resolution overhead is un-
justified when merging highly complementary adapters.

7.4 Practical Implications and Deployment Guidelines

7.4.1 Production Deployment Recommendations
Model Selection by Use Case

* Tier1-Highest Quality: Qwen2.5-14B + TIES (8.99/10, 95% of GPT-4, $120K/year,
68% savings)

e Tier2 - Cost-Optimized: Mistral-7B + TIES (8.03/10, 84% of GPT-4, $60K/year,
84% savings)

e Tier 3 - Reliability-Optimized: Llama-3-8B + TA (6.31/10, 66% of GPT-4,
0.07% error rate)
Training Strategy Selection

Decision tree for new projects:

1. Assess task imbalance: Balanced (<5:1) — combined sufficient; Moderate
(5:1-10:1) — dual-adapter recommended; Severe (>10:1) — dual-adapter re-
quired

2. Evaluate model scale: Large (>15B) — combined viable; Medium (10-15B) —
dual-adapter provides 5-10% gains; Small (<10B) — dual-adapter essential

3. Consider training budget: High — train both approaches; Medium — dual-
adapter (2x cost but guaranteed performance); Low — premarket-only
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Merging Method Selection

Based on cost-performance analysis:

¢ Default: Task Arithmetic (simplest, 98.9% of best performance)
¢ If compute is cheap: TIES (3.5x cost, +0.7% performance)
¢ If architecture is MoE: DARE (2x cost, essential for MoE stability)

* Never use: TSV, DO-Merging, RegMean, LoGo (dominated)

7.4.2 Guidelines for Related Domains

Framework generalizes to other domains with imbalanced multi-task distributions:

Medical Diagnosis: Common conditions (99%) vs. rare diseases (1%). Dual-
adapter can prevent underfitting on rare conditions. Requires modification to prior-
itize recall over precision with asymmetric merging weights.

Legal Document Analysis: Routine contracts (95%) vs. complex litigation (5%).
Format-specific adapters combined with domain knowledge adapters can improve
specialized document performance. Requires periodic retraining for temporal drift
in legal precedents.

Multilingual Systems: Low-resource (1,000 parallel sentences) vs. high-resource
(1M+) language pairs. Dual-adapter prevents high-resource languages from domi-
nating capacity. May require subword-level merging due to tokenization differences.

7.5 Limitations

7.5.1 Dataset Limitations

Evaluation Dataset Size: 1,032 iris tasks across 6 types—sulfficient for statistical sig-
nificance but limited vs. standard NLP benchmarks. Small sample sizes for low-
frequency tasks (iris_report_final: 56, iris_report_summary: 24) introduce variance.
Confidence intervals for iris_report_summary are large (£1.2 points at 95% confi-
dence).

Training Data Quality: Premarket data (1,388 samples) generated via GPT-4 syn-
thesis and human annotation, introducing potential label noise (estimated 5-10%
error rate). Ex-premarket sources vary in quality.

Domain Specificity: All evaluation focuses on US equity markets with English-
language documents. Generalization to other asset classes (fixed income, deriva-
tives) or languages (Chinese, Japanese) untested.

7.5.2 Evaluation Limitations
LLM-as-Judge Reliability: GPT-4.1-mini evaluation introduces biases:

¢ Length bias: Higher scores for longer outputs (Spearman p = 0.43)

¢ Format bias: JSON outputs score +0.8 points higher than equivalent free-form
text

* Verbosity bias: Explanatory text scores higher than concise answers
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Human evaluation on subset (200 samples) shows 15% disagreement with GPT-
4.1-mini, primarily on borderline cases (6-7 range).

Lack of Financial Accuracy Validation: Evaluation measures output quality (for-
mat compliance, reasoning coherence) but not financial accuracy. Validating financial
correctness requires backtesting, expert review, fact-checking—falling outside thesis
scope but critical for production.

7.5.3 Model Coverage Limitations

Limited Model Diversity: Five base models (3.8B-14.8B parameters) evaluated. Un-
explored categories include:

¢ Larger models (>20B): LLaMA-2-70B, Mixtral-8x22B, Qwen2.5-72B

* Specialized financial models: BloombergGPT (Wu, Irsoy, Lu, et al., 2023), Fin-
GPT

e Alternative architectures: Mamba, RWKYV, RetNet

Fixed LoRA Configuration: Rank-16 LoRA used uniformly. Alternative PEFT
methods (IA3, Adapter Tuning) and different ranks (8, 32, 64) may yield different
tradeoffs.

7.5.4 Generalizability Concerns

Task Type Specificity: All evaluation involves text generation with structured out-
puts. Findings may not extend to classification, extraction, or dialogue tasks.

Imbalance Threshold Uncertainty: Identified 26.5:1 threshold likely depends on
task similarity, model architecture, training time. Systematic study across task pairs
would provide actionable guidelines.

7.6 Threats to Validity

7.6.1 Internal Validity

Hyperparameter Selection Bias: Identical hyperparameters (Ir 5 x 1076, batch size
16, 6 epochs) across all models for consistency. Optimal hyperparameters likely vary
by model/task. Comprehensive tuning computationally prohibitive (estimated 500+
GPU-hours).

Random Seed Variance: Each configuration trained once (seed=42) for repro-
ducibility. Preliminary experiments show £0.3 point variance across 3 seeds—small
relative to observed effects (dual-adapter vs. combined: 2.5+ point gap).

7.6.2 External Validity

Financial Domain Specificity: Evaluation focuses exclusively on financial analysis
for single production system (Alyx). Findings may not generalize to other financial
applications (trading, risk modeling), non-financial domains (healthcare, legal), or
different languages.

Temporal Validity: Financial markets evolve continuously. Models trained on
2023-2024 data may degrade on 2025+ evaluation. Anecdotal evidence suggests 5-
10% degradation over 6-12 months, requiring periodic retraining.
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7.6.3 Construct Validity

Performance Metric Alignment: We optimize for LLM-as-judge scores emphasiz-
ing format compliance and reasoning coherence. However, production success ul-
timately depends on business value: did the analysis help investors make profitable
decisions? Validating outputs against downstream business metrics (portfolio re-
turns, client satisfaction) would strengthen practical relevance.

Task Representativeness: Six iris task types capture only subset of financial anal-
ysis capabilities. Tasks requiring numerical reasoning, long-context processing, or
real-time data integration remain unevaluated.

7.7 Summary

This chapter interpreted experimental findings, positioning them within existing lit-
erature and evaluating implications for theory and practice. Three major themes
emerge:

First, task distribution alignment dominates dataset size as primary determi-
nant of domain adaptation effectiveness. This challenges conventional wisdom and
establishes new framework—the alignment-diversity tradeoff—for understanding
transfer learning in heterogeneous multi-task domains. Mechanism involves catas-
trophic interference where gradient updates for majority tasks actively degrade mi-
nority task performance when imbalance exceeds model capacity.

Second, sophisticated adapter merging methods provide minimal benefits when
combining two complementary specializations with low overlap. Task Arithmetic
achieves 98.9% of best-method performance, contradicting recent literature empha-
sizing conflict resolution. This simplicity principle holds specifically for dual-adapter
regime but does not extend to scenarios with many adapters or high overlap.

Third, model scale fundamentally determines vulnerability to multi-task inter-
ference, with capacity thresholds around 10-15B parameters beyond which com-
bined training becomes viable. MoE architectures exhibit extreme vulnerability re-
quiring task isolation regardless of scale.

Comparison with related work positions our contributions as extensions of multi-
task learning to extreme imbalance regimes, continual learning without sequen-
tial constraints, and model merging within complementary dual-adapter scenar-
ios. Results provide actionable deployment guidelines and identify clear limita-
tions—dataset size, evaluation biases, model coverage—that contextualize contri-
butions and motivate future work.
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Chapter 8

Conclusion

8.1 Thesis Summary

This thesis addressed adapting large language models to specialized domains when
training data exhibits severe sample imbalance across task types. Motivated by prac-
tical limitations of commercial LLMs—prohibitive costs ($110K-550K annually), un-
predictable latency, data privacy concerns—we developed a dual-adapter training
and merging framework enabling open-source models to achieve 95% of GPT-4’s
performance on financial analysis while reducing operational costs by 40-80%.

The core problem: training on diverse data provides broad knowledge but causes
catastrophic interference when task distributions are severely imbalanced. In Axyon
Al's Alyx system, available data comprises 1,388 production-critical premarket sam-
ples (3.6%) versus 36,782 auxiliary ex-premarket samples (96.4%), creating 26.5:1 im-
balance. Naive combined fine-tuning optimizes predominantly for majority tasks,
degrading minority task performance by 15-57% despite training on 27.5x more
data.

Our dual-adapter approach resolves this through task isolation during train-
ing followed by post-hoc parameter merging. We train two independent LoRA
adapters—Adapter A specializing in Alyx formats (premarket), Adapter B develop-
ing broad financial knowledge (ex-premarket)—then combine parameters via merg-
ing methods. This eliminates sample imbalance interference by construction while
preserving complementary knowledge.

Comprehensive evaluation across five base models (3.8B-14.8B parameters), four
training strategies, eight merging methods on 1,032 held-out tasks using GPT-4.1-
mini as judge validated framework effectiveness. Best configuration—Qwen2.5-14B
with TIES-merged adapters—achieves 8.99/10 performance, establishing viability
of domain-adapted open-source models as production replacements for commercial
LLMs.

8.2 Main Contributions

8.2.1 Methodological Contributions

C1: Dual-Adapter Training Framework — Systematic methodology for adapting
LLMs to domains with imbalanced multi-task distributions. Framework isolates
tasks during training to eliminate gradient interference, then recombines knowledge
via parameter-space merging. Key insight: task isolation prevents catastrophic interfer-
ence more effectively than any gradient balancing scheme when imbalance exceeds model
capacity. Generalizes to medical diagnosis (rare conditions), legal analysis (routine
vs. complex), multilingual systems (low-resource pairs).
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C2: Comprehensive Merging Method Analysis — First large-scale empirical
comparison of eight adapter merging methods for dual-adapter scenarios. Sim-
ple averaging (Task Arithmetic) achieves 98.9% of best-method performance at 28%
computational cost. Establishes simplicity principle: when combining two comple-
mentary specializations with minimal overlap, sophisticated conflict resolution pro-
vides marginal benefits. Principle holds for dual-adapter regime but not for many
adapters (5+) or high overlap.

C3: LLM-as-Judge Evaluation Framework — Production-grade evaluation method-
ology using GPT-4.1-mini with detailed task-specific rubrics, providing fine-grained
(1-10 scale) assessment of domain-specific quality, format compliance, reasoning
correctness. Addresses limitations of traditional metrics (BLEU, ROUGE) failing to
capture semantic correctness and complex formatting. 85% agreement with human
expert assessments.

8.2.2 Empirical Contributions

C4: Task Alignment Dominates Dataset Size — Training on 1,388 format-aligned
samples outperforms training on 38,170 diverse samples by 17.9% average (gaps:
4.6% Qwen to 57.2% DeepSeek). Challenges conventional wisdom that “more data
is better,” establishing task distribution alignment as primary driver of domain adap-
tation effectiveness. Implication: prioritize curating small, high-quality datasets
matching evaluation distributions over collecting large, diverse datasets.

C5: Scale-Dependent Robustness to Interference — Model scale determines vul-
nerability: larger models (Qwen 14.8B) show only 4.6% gaps between combined and
format-specialized training, while smaller models (Mistral 7B) exhibit 21.0% gaps
and MoE models (DeepSeek) suffer 57.2% degradation. Suggests capacity thresh-
olds around 10-15B parameters beyond which models handle imbalanced multi-
task learning. Optimal strategies depend on computational resources: large mod-
els (>15B) can use simpler combined training, resource-constrained deployments
benefit from dual-adapter on smaller models.

C6: Architecture-Specific Training Requirements — MoE models show catas-
trophic failure with combined training (—50% performance) but benefit most from
dual-adapter merging (+85.9%), while dense models exhibit moderate interference
and gains. Mechanism: expert specialization collapse under imbalance—when 96.4%
of training comes from ex-premarket, MoE gating routes nearly all inputs to ex-
premarket experts, leaving no capacity for minority patterns. Dense transformers
avoid this through flexible attention-based capacity allocation.

8.2.3 Practical Contributions

C7: Production-Ready GPT-4 Alternative — Qwen2.5-14B + TIES achieves 8.99/10
(95% of GPT-4’s 9.5/10) at 40-80% cost reduction ($120K vs. $400K/year for 10K
daily queries), comparable latency (3—4s), eliminating data privacy concerns. Demon-
strates domain adaptation can compensate for base model capability gaps in spe-
cialized formatting domains.

C8: Deployment Guidelines — Evidence-based recommendations across three
tiers: Tier 1 (highest quality): Qwen2.5-14B + TIES (8.99/10, 0.63% error, client-
facing); Tier 2 (cost-optimized): Mistral-7B + TIES (8.03/10, 0.93% error, internal
analysis); Tier 3 (reliability-optimized): Llama-3-8B + TA (6.31/10, 0.07% error, au-
tomated pipelines).
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C9: Open-Source Implementation — Complete release: training scripts (Hug-
ging Face Transformers, PEFT, DeepSpeed ZeRO-3), merging implementations (8
methods), evaluation harness (LLM-as-judge), 1,032-sample iris benchmark, pre-
trained adapters (5 base models). Enables reproduction, extension to new domains,
benchmarking novel methods.

8.3 Answers to Research Questions

8.3.1 RQ1: Training Strategy Effectiveness

Can task-isolated dual-adapter training outperform combined fine-tuning and single-distribution
training?

Answer: Yes, with model-dependent magnitudes. Dual-adapter + merging con-
sistently outperforms combined fine-tuning (improvements: 4.6% to 57.2%). Mag-
nitude depends on capacity: smaller models benefit more from task isolation due to
limited ability to handle competing gradients.

Versus single-distribution training, merged adapters achieve statistical parity
overall (6.76/10 vs. 6.78/10 premarket-only) but show superior performance on
subsets requiring broad domain knowledge. Dual-adapter provides best of both
worlds—format specialization plus domain knowledge without catastrophic inter-
ference.

8.3.2 RQ2: Merging Method Selection

Which parameter merging methods preserve knowledge most effectively?

Answer: Simple averaging suffices for dual-adapter scenarios. Task Arithmetic
achieves 6.76/10 vs. 6.83/10 for best method (TIES), 98.9% performance ratio. The
0.7-point improvement comes at 3.5x computational cost. Sophisticated methods
(TSV: 13 cost, DO-Merging: 6.5x cost) are dominated.

Default to Task Arithmetic, upgrading to TIES only when marginal improve-
ments justify overhead.

8.3.3 RQ3: Architectural and Scale Effects

How do model architecture and scale interact with training strategy effectiveness?

Answer: Strong interactions observed.

Architecture: MoE models show catastrophic failure with combined training
(2.77/10) but dramatic recovery with dual-adapter merging (5.13/10, +85.2%). Dense
transformers exhibit moderate interference and gains. MoE architectures require
task isolation due to expert specialization collapse.

Scale: Larger models demonstrate robustness: Qwen2.5-14B shows only 4.6%
gap between combined and premarket, vs. 21.0% for Mistral-7B and 57.2% for
DeepSeek. Establishes capacity threshold around 10-15B parameters beyond which
combined training becomes viable.

Interaction implies optimal strategies depend jointly on architecture and scale:
small MoE models require dual-adapter (critical), large dense models tolerate com-
bined training (optional), medium-scale models occupy intermediate regime.
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8.4 Future Work

8.4.1 Short-Term Extensions

Adapter Rank Optimization — Systematic exploration of rank-performance-cost trade-
off. Preliminary results: rank-32 provides +0.3 points at 2x cost, indicating dimin-
ishing returns beyond rank-16.

Multi-Adapter Merging — Extension to N-adapter merging for 5-10 specialized
task types introduces challenges: combinatorial explosion (2N — 1 combinations),
conflict accumulation, routing complexity. Hierarchical merging strategies or learned
routing networks may address these.

Cross-Domain Validation — Validate on other domains: medical diagnosis (rare
diseases 1%), legal analysis (routine 95% vs. complex 5%), scientific research, cus-
tomer service. Each introduces unique challenges requiring framework modifica-
tions.

Temporal Adaptation — Continual learning strategies for evolving financial mar-
kets: incremental adapter training on new data, selective forgetting of obsolete knowl-
edge, temporal ensembling with recency weighting.

8.4.2 Long-Term Research Directions

Theoretical Understanding of Capacity Thresholds — Develop theory connecting
model capacity, task complexity, imbalance tolerance. Enable a priori threshold pre-
diction, task complexity quantification, optimal capacity allocation. Neural Tangent
Kernel and scaling laws provide starting points but don’t account for multi-task in-
terference dynamics.

Automated Merging Weight Optimization — Learn task-specific merging weights
via gradient-based optimization on validation data:

A* =A »Cva1<9base + )\AAQA + /\BAQB) (81)

Foundation Models Pre-Trained for Adaptation — Pre-training objectives opti-
mized for adaptation readiness: multi-task pre-training with explicit task identifiers,
adapter-aware pre-training with low-rank bottlenecks, meta-learning objectives for
fast adaptation with minimal data.

Ethical and Societal Implications — Examine bias and fairness in investment
recommendations, market manipulation vulnerabilities, transparency and explain-
ability for regulators, economic impact on human analysts. Requires empirical bias
audits, adversarial robustness testing, interpretability development, labor market
studies.

8.5 Broader Impact

Beyond technical contributions, this thesis enables Al democratization in special-
ized domains. Demonstrating open-source models match commercial LLM perfor-
mance at 40-80% cost reduction lowers barriers for SMEs with limited budgets, aca-
demic researchers without proprietary model access, developing regions with lim-
ited API access, and privacy-sensitive industries (healthcare, legal, financial) main-
taining data sovereignty.
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Open-source release of implementation, trained adapters, evaluation benchmark
further accelerates democratization. However, lower barriers enable malicious ac-
tors to deploy LLMs for misinformation, fraud, market manipulation. Responsible
deployment requires robust safeguards—content filtering, usage monitoring, regu-
latory compliance—balancing innovation with risk mitigation.

8.6 Closing Remarks

The central insight: task isolation during training, followed by knowledge combi-
nation via post-hoc merging, eliminates catastrophic interference while preserv-
ing complementary specializations. This principle proves powerful for domains
with severe sample imbalance—ubiquitous in real-world production systems where
data collection gravitates toward frequent, easy-to-annotate tasks at expense of rare,
complex cases.

By demonstrating format-aligned small datasets outperform diverse large datasets
by 17.9%, we challenge prevailing assumption that “more data is always better.”
Critical factor: not dataset size but distribution alignment with evaluation tasks—profound
implications for data collection strategies, model selection, training methodologies.

Comprehensive evaluation reveals sophistication doesn’t guarantee superiority:
simple weighted averaging achieves 98.9% of best-method performance in dual-
adapter scenarios, contradicting recent emphasis on complex conflict resolution.
Advocates for principle of simplicity—prefer straightforward methods unless com-
plexity demonstrably improves outcomes.

Finally, successful deployment of Qwen2.5-14B as production-ready GPT-4 alter-
native in Axyon Al’s Alyx validates practical viability. Achieving 95% of commercial
model performance at 40-80% cost reduction establishes new paradigm: special-
ized open-source models adapted to domain-specific requirements can outcom-
pete general-purpose commercial models in production applications where format
compliance, consistent style, data privacy dominate.

Path forward: extending dual-adapter training to broader domains, developing
theoretical foundations for capacity thresholds and interference dynamics, address-
ing ethical implications of widespread LLM deployment in high-stakes contexts. We
hope this thesis provides both foundation and inspiration for researchers continuing
this important work.
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