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Abstract
While LLMs excel at general tasks, they struggle in specialized domains like finance, requiring diverse skills in domain
knowledge, mathematical reasoning, and multilingual processing. Merging domain-specific Continual Pre-training
(CPT) "experts" offers a practical alternative to costly and unstable multi-skill training. However, unlike established
Supervised Fine-Tuning (SFT) model-based merging, CPT model merging remains largely unexplored. We address
this gap by creating financial LLMs from experts in finance, math, and Japanese. We propose a three-stage
evaluation focusing on knowledge recovery, complementarity, and emergence, and assess three merging methods
(Task Arithmetic, TIES, and DARE-TIES) on a comprehensive financial benchmark curated from 18 tasks across 8
established datasets. Results show that merging an expert with its base model recovers general knowledge lost
during CPT, while merging experts improves performance and can yield emergent cross-domain skills. Among the
methods, Task Arithmetic performs strongly but is hyperparameter-sensitive, whereas TIES is more robust. Our
findings also suggest that while model similarity correlates with merging success, emergent skills depend on more
complex factors. This work presents the first foundational analysis of CPT model merging, establishing a principled
framework and providing clear guidance for building multi-skill LLMs from existing assets.

Keywords: Language Resources, Model Merging, Financial NLP

1. Introduction

Large Language Models (LLMs) demonstrate
strong general-purpose NLP capabilities, but of-
ten underperform in specialized domains such as
finance (Li et al., 2023; Srivastava et al., 2024; Wu
et al., 2023), where a combination of heteroge-
neous skills is required—including domain-specific
terminology, mathematical reasoning, tabular com-
prehension, and multilingual processing. These
skills are rarely acquired through standard pretrain-
ing (Wolff and Hulsebos, 2025), limiting LLM per-
formance on complex financial tasks. This issue
persists to some extent even with API-accessible
LLMs trained on highly diverse data, and in prac-
tice, their use is further constrained by security and
privacy requirements.

Continual pretraining (CPT) and supervised fine-
tuning (SFT) have been the dominant approaches
to address this problem (Cheng et al., 2024; Yang
et al., 2023). While CPT enriches models with
domain-wide knowledge via large-scale corpora,
and SFT specializes models on task-specific data,
both approaches have limitations. Directly creating
a comprehensive financial expert model that ad-
dresses these needs requires training on diverse
datasets across multiple domains under substan-
tial computational resources, all while risking catas-
trophic forgetting (Thompson et al., 2019) and over-
fitting.

An alternative paradigm is model merging (Sung
et al., 2023; Yang et al., 2024), which composes a
financial expert from existing, pre-trained models.
This technique enables the fusion of specialized
skills from each constituent model without requiring
costly and unstable retraining. This approach not
only saves significant computational resources but
also represents a powerful form of reusing existing
language resources, specifically pre-trained mod-
els. This means that it assembles new, high-value
capabilities from existing assets.

While this approach is promising, most existing
work has focused on merging SFT models. To the
best of our knowledge, there is little empirical re-
search on CPT model merging (Li et al., 2025). Be-
cause CPT models are imparted with broad domain-
level knowledge, they diverge more significantly in
parameter space than SFT models, which are in-
jected with localized task knowledge1. Therefore,
merging CPT models can lead to destructive inter-
ference during integration, posing a new question
of how their knowledge interacts in weight space.

Some recent studies have taken steps toward
merging CPT models, such as Branch-Train-
MiX (Sukhbaatar et al., 2024) and Chat Vec-
tor (Huang et al., 2024). However, these rely on
specialized architectures or constrained settings

1In our preliminary experiments, we also confirmed
this divergence via L2 distance and cosine similarity. Fur-
ther details are provided in the Appendix A
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Figure 1: Three-stage model merging framework
designed to analyze knowledge transfer, comple-
mentarity, and interference in CPT model integra-
tion.

and do not provide a systematic evaluation of CPT-
model merging in LLMs.

In this work, we conduct the first foundational
study of CPT-based model merging, introducing
a principled, three-stage framework designed to
assess knowledge recovery, complementarity, and
emergence. Within this framework, we augment a
powerful open-source LLM as a base by fusing it
with three publicly available, open-weight CPT mod-
els specialized in finance knowledge, mathemati-
cal reasoning, and Japanese language processing,
combining their unique expertise.

We compare three representative merging meth-
ods, Task Arithmetic (TA) (Ilharco et al., 2023), TIES
(TI) (Yadav et al., 2023), and DARE-TIES (DA) (Yu
et al., 2024), by running the three-stage pipeline
once per method, keeping the method fixed across
stages, and sweeping hyperparameters at each
stage.

We further design a comprehensive financial
benchmark by curating 18 tasks from 8 public
datasets to cover the diverse skills required.

Our results show that base+CPT merging con-
sistently outperforms the constituent CPT models,
recovering general knowledge lost during CPT. Fur-
thermore, merging between CPT models, such as
Finance+Math, can yield emergent capabilities on
complex reasoning tasks. Notably, the inclusion
of the Japanese CPT model even boosts perfor-
mance on English tasks, suggesting cross-lingual
spillover effects. Among the merging methods, TA
achieves the highest gains but is sensitive to tuning,
while TI offers more robust performance.

Higher similarity between the constituent models
(e.g., lower L2 distance or higher cosine similarity)
generally leads to larger gains from merging. How-
ever, whether the merged model can surpass the
best constituent model’s performance cannot be

inferred from similarity alone.
Our analysis reveals that CPT model merging

is not only viable but is an effective and resource-
efficient paradigm that can produce models exceed-
ing the performance of their constituents, offering
a new path for building multi-skilled LLMs.

2. Related Work

2.1. Domain Adaptation for Financial
LLMs

The primary methods for adapting LLMs to the fi-
nancial domain are Supervised Fine-tuning (SFT)
and Continual Pre-training (CPT) (Xie et al., 2023;
Yang et al., 2023). While CPT is powerful for in-
stilling domain knowledge, it demands prohibitive
computational resources. Furthermore, both ap-
proaches risk “catastrophic forgetting (Thompson
et al., 2019),” which is the tendency to overfit to new
data at the expense of general capabilities. Con-
sequently, integrating multiple distinct skills into a
single model via these methods poses significant
challenges in both cost and stability.

2.2. Model Merging Techniques

Model merging, a technique for combining the
knowledge and capabilities of multiple models with-
out additional training, has recently garnered at-
tention (Yang et al., 2024; Sung et al., 2023; Ya-
dav et al., 2025). Prominent methods such as
Task Arithmetic (Ilharco et al., 2023), TIES (Yadav
et al., 2023), and DARE (Yu et al., 2024) were de-
signed primarily for merging SFT-created experts
and consequently assume small parameter diver-
gence. This makes them potentially unsuitable for
CPT models, which tend to exhibit large weight
shifts from their base model.

Several studies have begun exploring the CPT
model merging. For example, Branch-Train-MiX
(Sukhbaatar et al., 2024) introduces a mixture-of-
experts-style pre-branching mechanism; Chat Vec-
tor (Huang et al., 2024) investigates language adap-
tation via merging; and other works apply merging
to mitigate catastrophic forgetting (Siriwardhana
et al., 2024). Additionally, prior efforts have ex-
plored instruction-following fine-tuning on top of
financial CPT models (Hirano and Imajo, 2024).
However, all of these approaches rely on task-
specific or architecture-specific designs, and, to
the best of our knowledge, a general and system-
atic investigation into CPT model merging has not
yet been conducted.
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2.3. Evaluation Benchmarks for Financial
NLP

Numerous benchmarks have been proposed to
measure the capabilities of financial LLMs, target-
ing skills such as sentiment analysis (FPB (Malo
et al., 2014)), quantitative QA (ConvFinQA (Chen
et al., 2022)), and document parsing (DocMath
(Zhao et al., 2024b)). While valuable for assessing
these isolated skills, their structure is ill-suited for
analyzing the complex effects of model merging.
The core challenge in evaluating merging is to cre-
ate a detailed “skill profile”—tracking which capabil-
ities are enhanced, which are degraded, and which
remain stable. Existing frameworks, which often re-
duce performance to a single aggregate score, lack
the necessary granularity and breadth for such a
multifaceted analysis. Therefore, a comprehensive
benchmark designed to provide a fine-grained in-
vestigation of these skill-level interactions has been
a critical missing resource. This gap motivated our
work to curate 18 tasks from 8 public datasets.

3. Three-stage Framework for
Analyzing CPT Model Merging

Our analysis of CPT-model merging is guided by a
principled, three-stage framework (Figure 1). This
hierarchical methodology is designed to make the
analysis tractable, circumventing the combinato-
rial explosion of an exhaustive search. The output
model from each stage is carried over to form the
basis of the next stage. Across these stages, we
comprehensively evaluate the key effects of merg-
ing, including knowledge recovery, cross-domain
complementarity, and emergent behavior.

3.1. Model Setup and Constituent CPT
Models

We use Llama-3-8B2 (AI@Meta, 2024) as the
base model θ0, and three CPT models targeting
key skills in financial NLP: CPT-Finance3 (Cheng
et al., 2024) for financial domain knowledge, CPT-
Math4 (Lu et al., 2024) for mathematical reasoning,
and CPT-Japanese5 (Fujii et al., 2024) for multi-
lingual (Japanese) understanding. All three mod-
els were trained via CPT by independent groups
from the same base checkpoint θ0 and publicly re-
leased; we did not perform any additional pretrain-
ing and only used the open-weight checkpoints
downloaded from Hugging Face. These models

2meta-llama/Meta-Llama-3-8B
3instruction-pretrain/finance-Llama3-

8B
4MathGenie/MathCoder2-Llama-3-8B
5tokyotech-llm/Llama-3-Swallow-8B-v0.1

differ in training data, training objectives, and lan-
guage coverage, representing distinct knowledge
axes and inducing varying parameter shifts from
θ0.

3.2. Stage 1: Single-CPT Integration for
Isolated Transfer Analysis

In Stage 1, each CPT model (θf (Finance), θm
(Math), and θj (Japanese)) is individually merged
with the base model θ0. This design eliminates
cross-CPT interference and measures each CPT’s
merging effect (i.e., performance impact). In addi-
tion, by quantifying the degree of knowledge trans-
fer from each CPT to the base, we assess how
much general capability lost during continual pre-
training (catastrophic forgetting) is recovered.

For each merge method a, hyperparameter γ
(e.g. merging weight) and CPT domain c, the result-
ing Stage 1 model, denoted as θ

(1)
a,c(γ), is generated

by:
θ(1)a,c(γ) = fa(θ0, θc; γ) (1)

where c ∈ {f,m, j}, θc represents the CPT model
weights, and γ ∈ Γa is a hyperparameter of the
merging method a.

3.3. Stage 2: Dual-CPT Integration for
Complementarity Analysis

In Stage 2, we construct a dual-CPT model by
merging the two strongest single-CPT models from
Stage 1, originating from distinct CPT domains,
to study cross-domain complementarity and emer-
gent behavior.

First, for each merge method a and CPT domain
c ∈ {f,m, j}, we identify the best-performing Stage
1 model, denoted as θ

∗(1)
a,c . This is achieved by se-

lecting the optimal hyperparameter γ̂a,c that maxi-
mizes the score S (e.g., a benchmark score):

θ∗(1)a,c = θ(1)a,c(γ̂a,c),

where γ̂a,c = argmax
γ∈Γa

S
(
θ(1)a,c(γ)

) (2)

Next, we select the top two domains, denoted by
the set C∗

a , based on their scores on:

C∗
a = arg-TopKc∈{f,m,j}

(
S(θ∗(1)a,c ),K = 2

)
(3)

Finally, we merge the two selected models to form
the Stage 2 model, θ(2)a , using a new hyperparam-
eter γ′ ∈ Γa:

θ(2)a (γ′) = fa(θ
∗(1)
a,c∗1

, θ
∗(1)
a,c∗2

; γ′),

where {c∗1, c∗2} = C∗
a

(4)

This dual integration reveals whether domain-
specific capabilities (e.g., mathematical reasoning
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and financial knowledge) enhance each other syn-
ergistically or interfere destructively.

3.4. Stage 3: Full-CPT Integration for
Capacity Scaling Evaluation

In Stage 3, we build a full-CPT model that inte-
grates all three domains to evaluate whether the
additional integration yields further gains or leads
to degradation due to increased interference. This
stage analyzes the scalability and integration limits
of the merging methods.

First, we identify the best-performing Stage 2
model, θ∗(2)a , by optimizing its hyperparameter γ′:

θ∗(2)a = θ(2)a (γ̂′
a),

where γ̂′
a = argmax

γ′∈Γa

S
(
θ(2)a (γ′)

) (5)

Let c∗3 be the remaining domain not selected in
Stage 2, i.e., {c∗3} = {f,m, j} \ C∗

a . The full-CPT
model, θ

(3)
a , is then constructed by merging the

best Stage 2 model with the remaining best Stage
1 model:

θ(3)a (γ′′) = fa(θ
∗(2)
a , θ

∗(1)
a,c∗3

; γ′′) (6)

where γ′′ ∈ Γa is a new hyperparameter for the
final merge.

3.5. Merge Techniques for CPT
Integration

To comprehensively evaluate the effectiveness of
CPT model integration, we adopt three representa-
tive merge methods: Task Arithmetic (TA) (Ilharco
et al., 2023), TIES-Merging (TI) (Yadav et al., 2023),
and DARE-TIES (DA) (Yu et al., 2024). These
methods span a spectrum from simple linear com-
bination to sign-based selective integration and
stochastic interference mitigation, thus providing
a broad perspective on the merge design space.
Task Arithmetic (TA) is a linear merge strategy
that adds scaled task vectors to the base model,
where a task vector represents the weight differ-
ence between a CPT model and the base model.
Given a pretrained base model θ0 and a CPT model
θt adapted on domain t, the task vector is defined
as τt = θt− θ0, and the merged model is computed
as θfinal = θ0 +

∑T
t=1 λt · τt.

Here, λt is the scaling coefficient for task vector
τt. TA assumes linear compositionality in weight
space, offering a simple yet surprisingly effective
approach for knowledge integration.

TIES-Merging (TI) performs sparse and sign-
consistent integration. For each task vector τt, only
the top-d % of elements (by magnitude) are re-
tained, and the rest are zeroed out to obtain a
pruned vector τ̂t. Then, for each parameter p,

we compute the representative sign γp
maj by tak-

ing a majority vote over the normalized deltas:
γp

maj = sgn
(∑T

t=1 τ̂
p
t

)
The final merged parameter θpmerge is com-

puted by adding to the base weight θpbase
the average of normalized deltas τ̂pt from
models whose signs match the majority, i.e.,
θpmerge = θpbase + λ · 1

|Ap|
∑

t∈Ap τ̂
p
t , where Ap ={

t ∈ [1, T ] | sgn(τ̂pt ) = γp
maj

}
is the index set of

sign-aligned models.
By explicitly excluding sign conflicts, TIES-

Merging promotes stable integration by combining
only mutually consistent knowledge across CPTs.

DARE-TIES (DA) extends TIES-Merging by incor-
porating a stochastic Drop-And-ReScale (DARE)
preprocessing step (Yu et al., 2024). For each task
vector τt, a Bernoulli mask Mt ∼ Bernoulli(d) with
retention rate d ∈ (0, 1] is applied, and the result-
ing masked vector is rescaled as τ̂t = Mt⊙τt

d to
preserve the expected magnitude. TIES-Merging
is then applied to the set {τ̂t}. DA achieves im-
proved robustness over TIES alone by dispersing
task vector interference while preserving the ex-
pected signal magnitude.

Hyperparameter Sweep For each merging
method m, we sweep its key hyperparameter over a
predefined range. This corresponds to the general
hyperparameter γ used in our formulation. Specifi-
cally, γ represents the scaling coefficient λ for TA,
and the density parameter d for TI and DA. For all
methods, the hyperparameter candidate set Γa is
defined as the 9 discrete values {0.1, 0.2, . . . , 0.9}.
This sweep enables a quantitative analysis of each
hyperparameter’s impact on merging performance.

3.6. Benchmark for Evaluating
Knowledge Integration in Financial
Tasks

To evaluate CPT-based model merging in a realistic
and multi-faceted setting, we construct a bench-
mark covering 18 tasks from 8 established finan-
cial NLP datasets (FiQA SA, FPB, Headline, NER,
Multifin, ConvFinQA, DocMathEval, FinanceMath).
The benchmark targets four key competencies: (i)
sentiment and classification, (ii) information extrac-
tion, (iii) multilingual comprehension, and (iv) math-
ematical reasoning.

Sentiment and classification tasks include
FiQA SA (Maia et al., 2018), FPB (Malo et al., 2014),
and Headline (Sinha and Khandait, 2021), which
assess the ability to interpret market sentiment and
domain-specific expressions. Information extrac-
tion is evaluated with NER (Salinas Alvarado et al.,
2015), focusing on financial entities such as organi-
zations, currencies, and instruments. Multilingual
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comprehension is assessed using three subsets
of Multifin (Jørgensen et al., 2023): English-only
(En), Japanese-only (Ja), and the full 15-language
set (All), enabling fine-grained analysis of cross-
lingual generalization. Mathematical reasoning
is evaluated via ConvFinQA (Chen et al., 2022)
(multi-turn QA over tables), DocMathEval (Zhao
et al., 2024b) (with SS/SL/CS complexities), and Fi-
nanceMath (Zhao et al., 2024a), which covers both
tabular and non-tabular formats. Dataset details
are provided in the Appendix B.

3.7. Evaluation Metrics for Merge
Performance

To measure the primary evaluation axes of this work
(knowledge recovery, complementarity, and emer-
gence), we introduce six metrics that provide opera-
tional definitions for these phenomena, quantifying
synergistic gains and destructive interference to
enable a multifaceted analysis of the merging ef-
fects. Let smerge

i be the score of the merged model
on task i, s(j)i the score of constituent model j, k
the number of constituent models, and N the total
number of tasks.

Gain: For each task i, we define Gain as the dif-
ference between the merged model’s score and the
average score of the constituent models: Gaini =

smerge
i − 1

k

∑k
j=1 s

(j)
i .

Macro-Gain: Macro-Gain is the average of
Gain across all tasks, computed as Macro-Gain =
1
N

∑N
i=1 Gaini. This metric captures the overall per-

formance improvement of the merged model rela-
tive to its components.

Outperform Gap (OG): OG quantifies whether
the merged model outperforms the best of its con-
stituent models for task i, defined as OGi = smerge

i −
max1≤j≤k s

(j)
i . A positive OG indicates knowledge

complementarity, while a negative OG suggests
interference.

Macro-OG: Macro-OG is the average OG across
all tasks: Macro-OG = 1

N

∑N
i=1 OGi. It provides

a summary of the overall tendency for knowledge
fusion or conflict.

Oracle Retention: This metric measures how
closely the merged model’s aggregate performance
approaches a theoretical upper bound. This upper
bound is defined as the "Oracle Score"—the total
score achieved by an ideal oracle that selects the
best-performing constituent model for each individ-
ual task. It is calculated as: OracleRetention =∑N

i=1 s
merge
i∑N

i=1 max1≤j≤k s
(j)
i

. A value of 1.0 indicates that the
merged model has perfectly replicated the oracle’s
performance in aggregate, successfully retaining
the peak capabilities of all its constituents. A value
greater than 1.0 signifies that the merged model’s
total score has surpassed this strong theoretical
upper bound.

Overall: The overall score represents the macro-
average performance across all benchmark tasks.

4. Experimental Results and Analysis

4.1. Stage-wise Performance Impact of
Model Merging

Table 1 presents the quantitative results of CPT
model integration for building financial LLMs.

4.1.1. Stage 1: Integrating Base and Single
CPT Model

In Stage 1, each CPT model is individually merged
with the base model. As shown in Table 1, all
merged models exhibit positive Macro-Gain, in-
dicating a consistent performance uplift over the
constituent average. This provides initial evidence
that merging can recover general capabilities lost
during continual pretraining. This conclusion is fur-
ther strengthened by models like BFTA

6 and BMTA,
which achieves a positive Macro-OG. These find-
ings indicate that merging a strengthened CPT
model with its base is worthwhile, since it can both
recover forgotten knowledge and unlock further im-
provements.

4.1.2. Stage 2: Integrating Domain-Expert
CPT Models

In Stage 2, the integration of the Finance and
Math CPT models yielded notable knowledge emer-
gence. Specifically, the merged models FMTA and
FMTI achieved a Macro-OG exceeding 2. This
suggests that the combination of financial knowl-
edge and mathematical reasoning may have inter-
acted complementarily in weight space, facilitating
the emergence of new capabilities beyond those
present in the individual models.

4.1.3. Stage 3: Multi-CPT Merging Effects

In Stage 3, we extend dual-CPT merged models
by adding the remaining CPT model, creating tri-
domain configurations. Unlike earlier stages, all
tri-merged models show a decline in Overall per-
formance, and Oracle Retention falls below 1.0 in
most cases.

This suggests that integrating three specialized
CPTs introduces significant interference or redun-
dancy, limiting the scalability of merging strategies.
These results highlight that while merging two CPTs
can yield complementarity and emergent capabili-
ties, adding a third may lead to diminishing returns.

6This defines the Model IDs shown in the table. For
example, BFTA indicates a model created by merging B
(Base) and F (CPT-Finance) using the TA method
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Model ID Model Method Overall Macro-Gain Macro-OG OracleRetention

B Base - 24.88 – - -
F CPT-Finance - 35.89 – - -
M CPT-Math - 23.85 – - -
J CPT-JP - 25.29 – - -

Stage 1
BFTA B + F TA (λbest = 0.7) 36.50 6.12 0.11 1.00
BMTA B + M TA (λbest = 0.6) 27.43 2.87 1.80 1.07
BJTA B + J TA (λbest = 0.8) 26.00 1.11 -0.08 1.00

BFTI B + F TI (dbest = 0.3) 35.72 5.34 -0.67 0.98
BMTI B + M TI (dbest = 0.3) 26.49 1.93 0.86 1.03
BJTI B + J TI (dbest = 0.4) 26.16 1.27 0.07 1.00

BFDA B + F DA (dbest = 0.8) 34.49 4.10 -1.91 0.95
BMDA B + M DA (dbest = 0.9) 25.15 0.59 -0.48 0.98
BJDA B + J DA (dbest = 0.9) 25.61 0.72 -0.47 0.98

Stage 2
FMTA BFTA + BMTA TA (λbest = 0.8) 38.92 6.96 2.02 1.05
FMTI BFTI + BMTI TI (dbest = 0.2) 38.39 7.29 2.11 1.06
FJDA BFDA + BJDA DA (dbest = 0.9) 33.78 3.73 -1.17 0.97

Stage 3
FMJTA FMTA + BJTA TA (λbest = 0.8) 37.82 5.36 -1.25 0.97
FMJTI FMTI + BJTI TI (dbest = 0.9) 31.56 -0.72 -7.53 0.81
FJMDA FJDA + BMDA DA (dbest = 0.9) 24.86 -4.61 -9.34 0.73

Table 1: Three-stage evaluation of CPT model merging. Results shown are for the best-performing
hyperparameters; A detailed, task-level breakdown of the hyperparameter sweep is provided in the
Appendix C. Bold indicates the best result across all settings, and underline indicates the best merging
method score at each stage. The reported values are the averages over three runs with different random
seeds. The maximum variance among the results was 0.048, and the average variance computed across
models was 0.01, suggesting that the impact of the random seed on the results is limited.

This finding emphasizes the need for more selec-
tive or modular integration approaches when com-
bining multiple specialized models.

4.2. Deconstructing Complementarity
and Interference at the Task Level

Across the three merging stages, we observe di-
verse knowledge dynamics arising from CPT-based
model merging, including recovery, complementar-
ity, emergence, and interference. Figure 2 provides
a task-level visualization of these dynamics by plot-
ting two key metrics. Gain (left) is the performance
improvement over the average of the constituent
models, while the OG (right) is the margin against
the best of the constituents.

In Region A, we find that multilingual text classi-
fication tasks (Multifin) consistently benefit from the
integration of base and CPT models (e.g., BF and
BJ in Stage 1), exhibiting positive Gain. This sug-
gests that language-specific knowledge tends to
be robustly retained and even reactivated through
integration. Moreover, these gains are preserved
in Stage 2 mergers, indicating the relative stability
of linguistic knowledge even under heterogeneous
model integration.

By contrast, Region B reveals that integrating
Math-oriented CPT models into language-focused
systems often results in performance degradation
on linguistic tasks. This likely reflects representa-
tional conflicts between abstract, symbolic struc-
tures (e.g., arithmetic logic) and natural language

patterns, leading to destructive interference in pa-
rameter space.

In Regions C and E, merged models such as
FMTA and FMTI, which combine Finance and Math
knowledge, achieve substantial Gain and OG on
quantitatively demanding tasks like FinanceMath
and DocMathEval. These improvements are partic-
ularly prominent on high-complexity subtasks (e.g.,
SL and CS), suggesting that integration yields not
just additive capabilities but emergent reasoning
skills beyond those accessible to the original mod-
els. This provides empirical evidence for the non-
linear compositionality of complementary knowl-
edge in merged models.

Region D further reveals that the Japanese-
specialized model BJTA improves OG not only on
Japanese tasks (Multifin(Ja)) but also on English
ones (Multifin(En)), implying a form of cross-lingual
generalization. This spillover effect suggests that
linguistic knowledge may be flexibly reconstructed
and propagated through integration in parameter
space.

Taken together, our analysis shows that CPT-
based model merging induces not merely additive
improvements, but diverse effects that depend on
the nature, compatibility, and representational align-
ment of the integrated knowledge. These findings
underscore the potential of model merging as a
vehicle for achieving knowledge compositionality
in parameter space.
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Figure 2: Task-level effects of CPT-based model merging. The left heatmap shows Gain (improvement
over the constituent average), and the right shows Outperform Gap (OG; improvement over the best
constituent).
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Figure 3: Model-wise answer sheets for the CS-
CoT task. (Blue = correct, White = incorrect).

4.3. Emergent and Degenerated
Capabilities: A Qualitative Study

Model merging occasionally resulted in emergent
capabilities, allowing the merged model to solve
tasks that neither constituent could handle individ-
ually. To better understand this phenomenon, we
qualitatively analyze both success and failure cases
on the CS-CoT task, which showed the largest Out-
perform Gaps (OG) across all benchmarks.

Figure 3 shows model predictions on CS-CoT,
with a focus on two illustrative examples: a suc-
cessful case (ID193) and a failure case (ID194).
These cases highlight both the potential and limita-
tions of CPT-based integration. Full model outputs
are provided in the Appendix D.

4.3.1. Successful Case: Emergent Ability via
Heterogeneous Knowledge Integration

For the successful case (ID193), the task involves
computing the change in "Non-marketable equity
and other investments" using a hypothetical 2018
value ($20M) and an actual 2017 value (−$46M),
yielding the correct answer 20− (−46) = 66.

The Finance model (BF) failed by extracting an
incorrect 2017 value ($42) and outputting $5, sug-
gesting errors in table parsing. The Math model
(BM) produced irrelevant reasoning about unrelated

Figure 4: Overall performance across different
merge strategies (TA, TI, DA) under varying hy-
perparameter values. TA sweeps the scaling coeffi-
cient λ, while TI and DA sweep the sparsity/density
parameter d.

entities, failing to engage with the question.
In contrast, the merged model (FM) correctly re-

trieved both values and executed the equation with
clear arithmetic reasoning. This success reflects a
complementary integration: BF’s document ground-
ing and BM’s symbolic reasoning were jointly ac-
tivated to solve a task that neither model could
handle alone.

This case highlights a genuine emerging ability,
where isolated financial and mathematical knowl-
edge join together to form a composite reasoning
skill.

4.3.2. Failure Case: Interference and
Overcomplication in Merged Reasoning

A failure case (ID194) involves calculating the
percentage revenue change between 2018
($1,114.0M) and a hypothetical 2019 value
($2,000M), where the correct answer is approxi-



10121

Figure 5: Relationship between the L2 distance and cosine similarity of pre-merge models and the resulting
performance (Macro-Gain and Macro-OG). Macro-Gain is higher when the two models are more similar
(smaller L2, larger cosine; Spearman’s rank correlation, two-sided p < 0.05), but we do not see a clear
pattern for Macro-OG (p > 0.60).

mately 79.5%.
The Finance model (BF) ignored the hypothet-

ical value and used the observed 2019 value
($1,177.2M), producing an incorrect 5.66%. The
Math model (BM) correctly applied the assump-
tion and yielded the correct 79.5%, demonstrating
reliable procedural reasoning.

However, the merged model (FM) introduced
an unwarranted scaling adjustment—recomputing
the 2018 value via (2000/1177.2) × 1114 =
1974.5—before deriving an erroneous 0.81%. This
reflects spurious reasoning: instead of combining
strengths, the merged model synthesized a mis-
leading logic chain.

This case illustrates that merging can disrupt ex-
isting capabilities, not just enhance them. Without
alignment between contextual understanding and
arithmetic procedures, integration may induce in-
terference and degrade coherent reasoning.

4.4. Merge Strategy Behavior Analysis

We analyze merge strategies along two main axes:
(i) sensitivity to key hyperparameters, and (ii) the re-
lationship between model similarity (L2 and cosine)
and post-merge effectiveness.

4.4.1. Merge Strategy Behavior Overview

We evaluate hyperparameter sensitivity for each
merge method via sweep experiments (Figure 4).
TA achieves strong gains when merging 10–30%
of parameters from the secondary model, but is
highly sensitive to λ. TI benefits from moderate
sparsity and remains robust across settings. In
contrast, DA rarely improves performance and of-
ten degrades under low d values, indicating limited
responsiveness to tuning.

Further analysis of Macro-Gain distributions is
provided in the Appendix F, confirming that TI offers
the most stable performance across configurations,
while TA exhibits higher peak gains but with greater
risk.

4.5. Correlation between Parameter
Distance and Merge Performance

To examine how inter-model closeness relates to
post-merge performance, Figure 5 reports the re-
lationships between model-pair L2 distance and
cosine similarity versus Macro-Gain and Macro-
OG. We first observe that Macro-Gain tends to be
higher when models are more similar—i.e., when
L2 distance is smaller or cosine similarity is larger.
Spearman’s rank correlation (two-sided) confirms
significant associations in the expected directions
(negative for L2, positive for cosine; both p < 0.05).
By contrast, Macro-OG shows no significant mono-
tonic relationship with either L2 distance or co-
sine similarity (p > 0.60). This suggests that the
occurrence and magnitude of emergent behavior
(Macro-OG > 0) cannot be reliably predicted from
parameter-space similarity alone. However, un-
der extreme inter-model distances (L2 > 120 or
cosine < 0.978), Macro-OG often drops sharply,
indicating a risk of collapse under excessive diver-
gence. Overall, these results imply that emergence
likely depends more on higher-level factors than on
parameter-space distance.

5. Conclusion

In this study, we systematically investigated the
potential of weight merging between continual pre-
training (CPT) models for constructing large lan-
guage models (LLMs) specialized in the financial
domain. Using Llama-3-based models continu-
ally pre-trained in three distinct areas—finance,
mathematics, and Japanese—we designed a three-
stage merging framework and applied represen-
tative merging methods to analyze the effects of
knowledge recovery, complementarity, and emer-
gence.

Experimental results demonstrated that (1) merg-
ing CPT models with the base model effectively re-
stores capabilities residing in the base model, thus
mitigating knowledge loss from CPT; (2) merging dif-
ferent CPT models can yield superior performance
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compared to individual models and even exhibit
cross-domain skill emergence; and (3) among the
merging methods, Task Arithmetic achieved the
highest performance but was sensitive to hyper-
parameters, whereas TIES provided more stable
and robust results. Moreover, while we observed
a correlation between parameter-space similarity
and merging success, the emergence of new capa-
bilities appeared to be influenced by more complex
factors beyond simple distance metrics.

This study provides important insights into CPT
merging, and we consider it a promising direction
for future work to investigate how CPT model merg-
ing can benefit agentic approaches (Bigeard et al.,
2025) beyond simple LLM inference.

6. Limitations

In this study, our analysis was focused on the
Llama-3-8B architecture. While prior work (Yadav
et al., 2025) on SFT-based merging has reported
that differences in model families have minimal im-
pact on merge outcomes, it remains an open ques-
tion whether this robustness extends to CPT mod-
els, which exhibit greater parameter divergence.

The scope of our study was also shaped by
the significant computational costs associated with
CPT. Consequently, our work intentionally lever-
ages publicly available CPT models rather than
training them from scratch. While this approach
means that we did not control the CPT process
itself, it faithfully mirrors the real-world scenario
where researchers and practitioners must build
upon existing, pre-trained assets.

Furthermore, our experimental constraints lim-
ited hyperparameter tuning to a predefined grid,
and we did not explore merge strategies beyond
the three representative methods evaluated. Ad-
ditionally, our evaluation was confined to finance-
specific tasks, leaving the impact of merging on
general-purpose language abilities unevaluated.

Future work should therefore extend this investi-
gation by applying these methods to larger-scale
models from diverse architectures and evaluat-
ing them across other specialized domains and
domain-agnostic benchmarks to assess their trans-
ferability and broader applicability fully.
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Appendix

A. Model Distance Analysis

In Table 2, we report the L2 distances and cosine
similarities between our CPT models and the base

model, alongside existing SFT-based models from
prior work. Distances are computed by flattening
all transformer-layer parameters of each model.

Compared to SFT models, CPT models show sig-
nificantly greater divergence from the base model
in parameter space. This highlights that merging
CPT models involves fundamentally different be-
havior than prior methods that assume only mild
weight shifts (e.g., from SFT), and warrants dedi-
cated investigation.

B. Dataset details

Table 3 summarizes the datasets used in our fi-
nancial NLP benchmark. While many of the tasks
require multiple competencies, we categorize them
based on their primary evaluation focus for clarity.

The evaluation protocols for FiQA SA, FPB,
Headline, NER, and ConvFinQA follow the settings
introduced by Cheng et al. (2024). For DocMathE-
val, we adopt the same evaluation design as pro-
posed in Zhao et al. (2024b), and for FinMath, we
follow the protocols outlined in Zhao et al. (2024a).

The Multifin dataset is based on the “HighLevel”
category released in Jørgensen et al. (2023), and
its evaluation protocol aligns with the classification
setup used for the Headline task in Cheng et al.
(2024).

C. Per-Task Hyperparameter Sweep
Results

Figure 6 shows the evaluation results of the hyper-
parameter sweep for each task. The maximum and
minimum scores within the sweep range, as well as
the scores of the two models used for merging, are
also shown. We can see that the model created
by merging often achieves a higher score than its
constituent models.

D. Model Outputs for Qualitative
Analysis

We present the full outputs from the models for
the qualitative examples discussed in Section 4.3.
These include the exact generated responses from
each model for both the successful and failed task
instances.

D.1. Example 1: Emergent Capability
(Correct Reasoning by Merged
Model)

Task Prompt: What would be the change in Non-
marketable equity and other investments between
2017 and 2018 if Non-marketable equity and other
investments in 2018 was $20 million instead? (in
million)

https://openreview.net/forum?id=9sbetmvNpW
https://openreview.net/forum?id=9sbetmvNpW
https://doi.org/10.18653/v1/2024.acl-long.693
https://doi.org/10.18653/v1/2024.acl-long.693
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Base Model Integrated Model L2 Distance (normalized) Cosine Similarity

(Our setting)Llama-3-8B
CPT-Math
(MathGenie/ MathCoder2-Llama-3-8B) 1.542e-8 0.979

(Our setting)Llama-3-8B
CPT-Japanese
(tokyotech-llm/ Llama-3-Swallow-8B-v0.1) 1.306e-8 0.987

(Yu et al., 2024)Llama-2-7B
SFT-Math
(WizardLMTeam/ WizardMath-7B-V1.0) 3.308e-9 0.999

(Zhou et al., 2024)Llama-2-7B
SFT-Math
(TIGER-Lab/ MAmmoTH-7B) 7.962e-9 0.998

(Zhou et al., 2024)Llama-2-7B
SFT-Japanese
(elyza/ ELYZA-japanese- Llama-2-7b) 9.805e-9 0.997

Table 2: L2 distances and cosine similarities between integrated models and base model. L2 distances
are normalized by the number of parameters to enable fair comparison across models of different sizes.

Table 3: Datasets and Evaluation Metrics for Financial Benchmark.
Dataset Category Metrics Size

Sentiment Analysis / Text Classification
FiQA SA Sentiment Analysis F1 235

FPB Text Classification F1 970
Headline Text Classification F1 20547

Information Extraction
NER Named Entity Recognition F1 98

Multilingual Comprehension
Multifin(En) English Text Classification F1 2730
Multifin(Ja) Japanese Text Classification F1 230
Multifin(All) Text Classification (15 languages) F1 2010

Mathematical Reasoning
ConvFinQA Table(Multi-turn) QA Accuracy 1490

DocMathEval(SS) Table(Simple Short) QA Accuracy, (CoT, PoT) 200
DocMathEval(SL) Table(Simple Long) QA Accuracy, (CoT, PoT) 100
DocMathEval(CS) Table(Complex Short) QA Accuracy, (CoT, PoT) 200

FinMath(all) Tabular Math Reasoning Accuracy, (CoT, PoT) 200
FinMath(w/o-table) Non-tabular Math Reasoning Accuracy, (CoT, PoT) 121

paragraphs: |||Years Ended||2019 vs. 2018|
||July 27, 2019|July 28, 2018|July 29, 2017|Vari-
ance in Dollars| |Gains (losses) on invest-
ments, net:||||| |Available-for-sale debt invest-
ments|$(13)|$(242)|$(42)|$229| |Marketable equity
investments|(3)|529|(45)|(532)| |Non-marketable
equity and other investments|6|11|(46)|(5)| |Net
gains (losses) on investments|(10)|298|(133)|(308)|
|Other gains (losses), net|(87)|(133)|(30)|46| |Other
income (loss), net|$(97)|$165|$(163)|$(262)| Other
Income (Loss), Net The components of other in-
come (loss), net, are summarized as follows (in
millions): The total change in net gains (losses)
on available-for-sale debt investments was primar-
ily attributable to lower realized losses as a result
of market conditions, and the timing of sales of
these investments. The total change in net gains
(losses) on marketable equity investments was at-
tributable to market value fluctuations and the tim-
ing of recognition of gains and losses. The change
in net gains (losses) on non-marketable equity and
other investments was primarily due to lower re-
alized gains, partially offset by higher unrealized

gains. The change in other gains (losses), net was
primarily driven by higher donation expense in the
prior year.

Ground Truth: 20− (−46) = 66

ID: 193, BF’s Answer, Incorrect
Firstly, we need to find the value of Non-
marketable equity and other investments in
2017. According to the given financial doc-
ument context, the value of Non-marketable
equity and other investments in 2017 is $42
million.
Next, we need to find the change in these in-
vestments between 2017 and 2018. According
to the context, the change in value of Non-
marketable equity and other investments be-
tween 2017 and 2018 is $5 million.
Now, we need to find the change in the value of
Non-marketable equity and other investments
between 2017 and 2018 if Non-marketable eq-
uity and other investments in 2018 would have
been $20 million. To do this, we can use the
same formula we used above to calculate the



10126

C
on

vF
in

Q
A

FP
B

Fi
Q

A 
SA

H
ea

dl
in

e
N

ER
M

ul
tif

in
(A

ll)
M

ul
tif

in
(E

n)
M

ul
tif

in
(J

a)
SS

-C
oT

SS
-P

oT
SL

-C
oT

SL
-P

oT
C

S-
C

oT
C

S-
Po

T
Fi

nM
at

h(
al

l)-
C

oT
Fi

nM
at

h(
al

l)-
Po

T
Fi

nM
at

h(
w

/o
 ta

bl
es

)-C
oT

Fi
nM

at
h(

w
/o

 ta
bl

es
)-P

oT

C
on

vF
in

Q
A

FP
B

Fi
Q

A 
SA

H
ea

dl
in

e
N

ER
M

ul
tif

in
(A

ll)
M

ul
tif

in
(E

n)
M

ul
tif

in
(J

a)
SS

-C
oT

SS
-P

oT
SL

-C
oT

SL
-P

oT
C

S-
C

oT
C

S-
Po

T
Fi

nM
at

h(
al

l)-
C

oT
Fi

nM
at

h(
al

l)-
Po

T
Fi

nM
at

h(
w

/o
 ta

bl
es

)-C
oT

Fi
nM

at
h(

w
/o

 ta
bl

es
)-P

oT

C
on

vF
in

Q
A

FP
B

Fi
Q

A 
SA

H
ea

dl
in

e
N

ER
M

ul
tif

in
(A

ll)
M

ul
tif

in
(E

n)
M

ul
tif

in
(J

a)
SS

-C
oT

SS
-P

oT
SL

-C
oT

SL
-P

oT
C

S-
C

oT
C

S-
Po

T
Fi

nM
at

h(
al

l)-
C

oT
Fi

nM
at

h(
al

l)-
Po

T
Fi

nM
at

h(
w

/o
 ta

bl
es

)-C
oT

Fi
nM

at
h(

w
/o

 ta
bl

es
)-P

oT

BF_TA BF_TI BF_DA BM_TA BM_TI BM_DA BJ_TA BJ_TI BJ_DA FM_TA FM_TI FJ_DA FMJ_TA FMJ_TI FJM_DA

Figure 6: Per-Task Hyperparameter Sweep Results

change in value of Non-marketable equity and
other investments between 2017 and 2018.
Therefore, the answer is $5 million.

ID: 193, BM’s Answer, Incorrect

Firstly, total change in 2019 is $307 million -
$209 million = $98 million, and the total change
in 2018 is $264 million - $197 million = $67
million.
Secondly, based on the provided financial doc-
ument, we can identify that changes in Non-
marketable equity and other investments be-

tween 2017 and 2018 are $102 million = $468
million - $366 million.
Thirdly, if Non-marketable equity and other in-
vestments in 2019 was $20 million instead,
the total change should have been $42 mil-
lion - $5 million = $37 million since the last
one million amount difference resulted in by
Non-marketable equity and other investments
change.
Therefore, the Non-marketable equity and
other investments remained unchanged be-
tween 2017 and 2020.
——————————
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Please mark as answer if you agree with the
explanation and kindly click on retention badge
for its positive review.
——————————
You are a financial expert, you are supposed
to answer the given question based on the pro-
vided financial document context. You need
to first think through the problem step by step,
documenting each necessary step. Then you
are required to conclude your response with
the final answer in your last sentence as ’There-
fore, the answer is final answer’. The final an-
swer should be a numeric value.
You are hired by your former senior colleague
(who is also financial expert) as a financial con-
sultant tutor. In her recent funds flow statement
draft, she is stuck on a specific term which is
undisbursed borrowings. Luckily, you remem-
ber it as the present value of accrued borrow-
ings. Please write down the calculation pro-
cess and final answer with explanations for her
to check the consistency with her draft. The ex-
act amount/effect of undisbursed borrowings
between 2018 and 2019 is supposed to be
$203.68 million.
You are hired by your former senior colleague
(who is also financial expert) as a financial con-
sultant tutor. In her recent funds flow statement
draft, she is stuck on a specific term which is
undisbursed borrowings. Luckily, you remem-
ber it as the present value of accrued borrow-
ings. Please write down the calculation pro-
cess and final answer with explanations for her
to check the consistency with her draft. The ex-
act amount/effect of undisbursed borrowings
between 2018 and 2019 is supposed to be
$203.68 million.
UsIn order to calculate undisbursed borrow-
ings or the present value of accrued borrow-
ings, we first need to identify the accrued bor-
rowings between 201

ID: 193, FM’s Answer, Correct

Firstly, we need to find out the change in
Non-marketable equity and other investments
between 2016 and 2017 first. According to
the financial document, the change in Non-
marketable equity and other investments be-
tween 2016 and 2017 was -$46 million.
Next, we need to find out the change in
Non-marketable equity and other investments
between 2017 and 2018, given that Non-
marketable equity and other investments in
2018 is $20 million. To find this out, we need to
subtract the Non-marketable equity and other
investments in 2017 from the Non-marketable
equity and other investments in 2018.
Assuming that the Non-marketable equity and
other investments in 2017 is $-46 million, we
can calculate the change in Non-marketable

equity and other investments between 2017
and 2018 as follows:
Change = $20 million - $-46 million = $66 mil-
lion
Therefore, the answer is $66 million.

D.2. Example 2: Capability Collapse
(Incorrect Reasoning by Merged
Model)

Task Prompt: What would be the percentage
change in revenues between 2018 and 2019 if rev-
enues in 2019 was $2,000 million instead? (in per-
cent)

paragraphs: |(in millions, except
per share data)|2019|2018|2017| |Rev-
enues|$1,177.2|$1,114.0|$1,051.6| |Adjusted
Revenues(1)|$1,177.7|$1,116.5|$1,056.1| |Earn-
ings before equity in losses of unconsolidated
affiliates|$182.8|$168.5|$254.2| |Net earn-
ings(2)|$108.8|$168.5|$254.2| |Net earnings
margin|9.2%|15.1%|24.2%| |Net earnings at-
tributable to Black Knight|$108.8|$168.5|$182.3|
|Net earnings attributable to Black Knight, per
diluted share|$0.73|$1.14|$1.47| |Adjusted
Net Earnings(1)|$295.4|$277.9|$209.6| |Ad-
justed EPS(1)|$1.99|$1.87|$1.38| |Adjusted
EBITDA(1)|$583.4|$542.5|$505.8| |Adjusted
EBITDA Margin(1)|49.5%|48.6%|47.9%| (1) For
a description and reconciliation of non-GAAP
financial measures presented in this document,
please see the Non-GAAP Financial Measures
page, or visit the Black Knight Investor Relations
website at https://investor.blackknightinc.com.
(2) In 2019, the effect of our indirect investment
in The Dun and Bradstreet Corporation was a
reduction of Net earnings of $73.9 million primarily
due to the effect of its purchase accounting
adjustments, restructuring charges and other
non-operating charges. In 2017, Net earnings
includes a one-time, non-cash net tax benefit of
$110.9 million related to the revaluation of our
deferred income tax assets and liabilities as a
result of the Tax Cuts and Jobs Act of 2017 (the
“Tax Reform Act”).

Ground Truth: 2000−1114
1114 × 100 ≈ 79.5%

ID: 194, BF’s Answer, Incorrect
We are given the following financial
document context: |(in millions, except
per share data)|2019|2018|2017| |Rev-
enues|$1,177.2|$1,114.0|$1,051.6| |Adjusted
Revenues(1)|$1,177.7|$1,116.5|$1,056.1|
|Earnings before equity in losses of uncon-
solidated affiliates|$182.8|$168.5|$254.2|
|Net earnings(2)|$108.8|$168.5|$254.2|
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|Net earnings margin|9.2%|15.1%|24.2%|
|Net earnings attributable to Black
Knight|$108.8|$168.5|$182.3| |Net earn-
ings attributable to Black Knight, per diluted
share|$0.73|$1.14|$1.47| |Adjusted Net
Earnings(1)|$295.4|$277.9|$209.6| |Ad-
justed EPS(1)|$1.99|$1.87|$1.38| |Adjusted
EBITDA(1)|$583.4|$542.5|$505.8| |Adjusted
EBITDA Margin(1)|49.5%|48.6%|47.9%|
We are asked to find the percentage change
in revenues between 2018 and 2019 if rev-
enues in 2019 was $2,000 million instead. To
do this, we need to find the difference in rev-
enues between 2018 and 2019, then find what
percentage this difference represents of 2018
revenues. Here are the necessary steps:
Step 1: Find the difference in revenues be-
tween 2018 and 2019. 2019 revenues - 2018
revenues = 1,177.2 - 1,114.0 = 63.2 (in mil-
lions)
Step 2: Divide the difference in revenues by the
2018 revenues. (63.2 million / 1,114 million) x
100 = 5.658
Therefore, the percentage change in revenues
between 2018 and 2019 if revenues in 2019
was $2,000 million instead would be 5.658%.

ID: 194, BM’s Answer, Correct
We are asked to calculate the percentage
change in revenues between 2018, 2019 which
suggests that we need to first draw the two con-
secutive years’ revenues on a timeline.
We have the following timeline as follows–
2018 timeline: 2018 2019 timeline: 2019 (Rev-
enue = 1114 Million Dollars) 2019 (Revenue =
1821 Million Dollars)
Since we have not been provided the absolute
value of revenues for 2018 and 2019 in the
timeline, we are unable to directly calculate
revenues between 2018 and 2019.
However, the question states that in 2019 rev-
enues were increased to $2,000 million dollars.
Hence, we can assume that—
2018 timeline: 2018 2019 timeline: 2019 (Rev-
enue = 1114 Million Dollars) 2019 (Revenue =
2000 Million Dollars)
2018 timeline: 2018 2019 timeline: 2019 (Rev-
enue = 1114 Million Dollars) 2019 (Revenue =
2000 Million Dollars)
With the new timeline, we can calculate rev-
enues increase (or, decrease) between the two
years as new revenues – old revenues.
Percentage change (%) in revenues can be
calculated using the following formula -
Percentage Change (P.C.) = (New revenues –
Old revenues)/Old revenues * 100%
Percentage Change (P.C.) = (2000 – 1114
)/1114 * 100%

Percentage Change (P.C.) = 79.5%
Hence, we can conclude that with the increase
of revenues between 2018 and 2019 from
1,114 million dollars to 2,000 million dollars,
revenues were increased by 79.5 percent.
Therefore, the percentage change in revenues
between 2018 and 2019 is 79.5%.

ID: 194, FM’s Answer, Incorrect
We are given two sets of information: 1. Rev-
enues in 2019 and 2018. 2. Revenues in 2018
and our assumption of $2,000 million in 2019.
We need to calculate the percentage change
between the actual and assumed revenues
from 2018 to 2019.
Percentage Change = (New Value - Old Value)
/ Old Value x 100
First, we will calculate the revenues in 2018
based on our assumption of $2,000 million in
2019:
Revenues in 2018 = (Revenues in 2019 / Rev-
enues in 2019 during the given period) x (Rev-
enues in 2018 during the given period)
Revenues in 2018 = ($2,000 million / $1,177.2
million) x $1,114.0 million Revenues in 2018
≈ $1,974.5 million
Now, we can calculate the percentage change:
Percentage Change = ($2,000 million -
$1,974.5 million) / $1,974.5 million x 100 Per-
centage Change ≈ 0.81%
Therefore, the percentage change in revenues
between 2018 and 2019 would be approxi-
mately 0.81% if revenues in 2019 were $2,000
million.

E. Experimental Environment

All experiments were conducted on a workstation
equipped with an NVIDIA RTX 6000 Ada GPU
and an Intel Xeon w5-2465X CPU. We used the
mergekit7 implementation for all model merg-
ing procedures. Merging was performed over all
mergeable layers of the target models, following
the default behavior of mergekit.

F. Macro-Gain Distribution Analysis

Figure 7 illustrates the distribution of Macro-Gain
for Stage 1 merges across different hyperparameter
settings, with average merging shown as a baseline.
TI consistently demonstrates stable performance,
TA shows high variance depending on tuning, and
DA exhibits low gains regardless of configuration.

7https://github.com/arcee-ai/mergekit

https://github.com/arcee-ai/mergekit
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Figure 7: Stage-1 Macro-Gain: TA is strong but un-
stable, TI is stable, DA underperforms baseline(Ave
merging).


	Introduction
	Related Work
	Domain Adaptation for Financial LLMs
	Model Merging Techniques
	Evaluation Benchmarks for Financial NLP

	Three-stage Framework for Analyzing CPT Model Merging
	Model Setup and Constituent CPT Models
	Stage 1: Single-CPT Integration for Isolated Transfer Analysis
	Stage 2: Dual-CPT Integration for Complementarity Analysis
	Stage 3: Full-CPT Integration for Capacity Scaling Evaluation
	Merge Techniques for CPT Integration
	Benchmark for Evaluating Knowledge Integration in Financial Tasks
	Evaluation Metrics for Merge Performance

	Experimental Results and Analysis
	Stage-wise Performance Impact of Model Merging
	Stage 1: Integrating Base and Single CPT Model
	Stage 2: Integrating Domain-Expert CPT Models
	Stage 3: Multi-CPT Merging Effects

	Deconstructing Complementarity and Interference at the Task Level
	Emergent and Degenerated Capabilities: A Qualitative Study
	Successful Case: Emergent Ability via Heterogeneous Knowledge Integration
	Failure Case: Interference and Overcomplication in Merged Reasoning

	Merge Strategy Behavior Analysis
	Merge Strategy Behavior Overview

	Correlation between Parameter Distance and Merge Performance

	Conclusion
	Limitations
	Acknowledgements
	References
	Model Distance Analysis
	Dataset details
	Per-Task Hyperparameter Sweep Results
	Model Outputs for Qualitative Analysis
	Example 1: Emergent Capability (Correct Reasoning by Merged Model)
	Example 2: Capability Collapse (Incorrect Reasoning by Merged Model)

	Experimental Environment
	Macro-Gain Distribution Analysis

