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Abstract

Large Language Models (LLMs) have dis-
played remarkable capabilities across diverse
domains, but their training remains resource-
and time-intensive, requiring massive compu-
tational resources and careful orchestration of
training procedures. Model souping—the prac-
tice of averaging weights from multiple models
of the same architecture—has emerged as a
promising pre- and post-training technique that
can enhance performance without expensive
retraining. We observe that previous souping
approaches can lead to collapse in precision-
sensitive LLM capabilities. In this paper, we
introduce Soup Of Category Experts (SoCE), a
principled approach for model souping to over-
come this shortcoming. The proposed method
utilizes benchmark composition to identify opti-
mal model candidates and applies non-uniform
weighted averaging to maximize performance.
Contrary to previous approaches, our method
leverages the observation that different clusters
(or categories) of points within a benchmark
often exhibit low inter-correlations in model
performance. SoCE identifies "expert" mod-
els for each weakly-correlated category cluster
and combines them using optimized weighted
averaging rather than uniform weights. We
demonstrate that SOCE improves performance
and robustness across multiple domains and
achieves state-of-the-art results on the Berkeley
Function Calling Leaderboard.

1 Introduction

Large Language Models (LLMs) have emerged as
transformative technologies, demonstrating remark-
able capabilities across diverse domains from natu-
ral language understanding to code generation and
tool use (Brown et al., 2020; Comanici et al., 2025;
Grattafiori et al., 2024; Roziere et al., 2024; Schick
et al., 2023; Touvron et al., 2023a,b; Achiam et al.,
2023; Team et al., 2025). The training paradigms
for these foundational models typically involve

= Work done while working at Meta

massive-scale pretraining on diverse corpora fol-
lowed by supervised fine-tuning and reinforcement
learning from human feedback (Ouyang et al.,
2022; Bai et al., 2022). However, current training
procedures remain extremely resource and time-
intensive, often requiring large amounts of com-
pute power and careful orchestration of training
data mixtures to achieve desired competencies in
the models (Hoffmann et al., 2022; Touvron et al.,
2023b; Zhang et al., 2022).

Recent advances in model souping—averaging
weights from multiple models of the same archi-
tecture—have shown promising results as a post-
training technique to enhance performance with-
out requiring expensive retraining. Prior work
has demonstrated that uniform averaging of model
weights can lead to improved performance across
various tasks (Wortsman et al., 2022a) and mitigate
issues like catastrophic forgetting (Kleiman et al.,
2025). These findings suggest that model soup-
ing offers a computationally efficient alternative
to traditional approaches that rely on modifying
training data recipes or retraining procedures. Re-
cently, the concept of "model souping" has evolved
into a broader model merging paradigm that com-
bines the weights of multiple task-specific deriva-
tive models into a single, highly capable network
without the need for additional training. TIES-
Merging (Yadav et al., 2023), an example of such
an approach, isolates the fine-tuning updates and
resets up to 80% of the smallest parameter changes
to zero, retaining only the most significant delta
weights. DARE (Yu et al., 2024) proposes ran-
domly dropping a vast majority of these fine-tuned
delta weights and rescaling the remaining parame-
ters to maintain their overall mathematical expecta-
tion. While these approaches have been shown to
push performance, our experiments show that these
approaches can collapse several LLM capabilities
which require exact instruction adherence, such as
tool-use, long-context, and reasoning (Tables 3, 6

645

Findings of the Association for Computational Linguistics: EMNLP 2026, pages 645—-666
October 24-29, 2026 ©2026 Association for Computational Linguistics



and 8). To address these concerns, we introduce
an improved dense model averaging method that
combines benchmark-guided candidate selection
with non-uniform weighting to form a model soup
leading to state-of-the-art on the Berkeley Function
Calling Leaderboard (BFCL) (Patil et al., 2025).
The contributions of this paper are as follows:

1. Benchmark Aware Souping: We introduce
Soup Of Category Experts (SOCE), a novel
model souping technique that leverages bench-
mark composition through category-aware ex-
pert selection mechanism. Unlike previous
approaches, SOCE doesn’t lead to collapse of
precision-sensitive capabilities like tool-use.

2. State-of-the-Art Performance: We demon-
strate the efficiency of the proposed method
across diverse domains, including state-of-
the-art results for the BFCL (Patil et al.,
2025). Our approach outperforms exist-
ing baselines, validating the effectiveness of
category-specific model souping.

3. Improved Model Consistency: We perform
a large-scale empirical analysis to show that
model souping enhances performance consis-
tency across benchmark categories. Souped
models exhibit significantly higher Pearson
correlations between category performances
within a benchmark across model populations
compared to their unsouped counterparts, in-
dicating improved robustness and coherence
across diverse task types.

We also discuss the connection of model souping
with game theory and Shapley values; revisit the
assumptions of existing model merging approaches
in the context of specialized models; present quali-
tative analysis for BFCL experiments; understand
impact on other benchmarks when souping for a
given benchmark and present additional results on
FLORES (Goyal et al., 2021) multi-lingual bench-
mark as part of appendix to this paper.

2 Related Work

We outline the current souping/merging methodolo-
gies that have emerged to improve LLM efficiency
and generalization to contextualize SOCE’s novelty
and usefulness within this space.

Souping: Starting with Utans (1996), model
Souping has been explored in the machine learning
literature in multiple contexts (Jang et al., 2025;
Jaiswal et al., 2023; Kleiman et al., 2025; Worts-
man et al., 2022a; Yu et al., 2024; Zimmer et al.,

2024). Weight averaging found theoretical founda-
tion with (Izmailov et al., 2018), that showed that
averaging checkpoints along a stochastic gradient
descent trajectory finds flatter, better-generalizing
minima; Wortsman et al. (2022a) extended this idea
across independently fine-tuned models, showing
how souping on model variants across different
hyperparameter configurations of the same base
model leads to improvements over individual candi-
dates. They proposed 3 strategies: Uniform (where
all models are weighted equally), Greedy (add 1
model at a time in decreasing order of performance)
and Learned-Souping (soup weights are learned
via gradient descent), with Greedy Souping yield-
ing the most promising results. Wortsman et al.
(2022b) further showed that interpolating between
zero-shot and fine-tuned weights improves robust-
ness under distribution shift, establishing weight-
space interpolation as a practical regularization.
Jang et al. (2025) improve upon the work by Worts-
man et al. (2022a) using a geometric insight - prox-
imity to pre-trained models - to reduce the number
of models to two to achieve better results than its
predecessor. SOCE takes it further by utilizing the
insights from the correlation of metrics within a
benchmark and co-operative game theory to for-
malize the selection of the best candidates and their
souping proportion. The viability of weight averag-
ing rests on the theoretical observation that models
fine-tuned from the same pretrained weights remain
in the same loss basin (Neyshabur et al., 2020) and
exhibit linear mode connectivity (Frankle et al.,
2020) - preconditions naturally satisfied by all can-
didate models in SoCE, which share a common
pretrained initialization. Ramé et al. (2022) further
provided a formal bias-variance-covariance decom-
position showing that weight averaging succeeds
when model diversity is high, reducing covariance
between model errors - the condition SoCE engi-
neers by selecting anti-correlated category experts.
In a related study (Yu et al., 2024), the authors
take several homologous (same architecture and
parameters) models and perform deactivation and
reactivation of neurons and merge the newly de-
rived models to achieve better models compared to
the input candidates. Model souping has also been
used in continual learning to address catastrophic
forgetting during finetuning of LLMs (Kleiman
et al., 2025), and in RLHF (Ramé et al., 2024)
where weight averaging of reward models has been
shown to improve alignment. In LLMs (Grattafiori
et al., 2024; Cohere et al., 2025), it has been used
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Property

SoCE
(Proposed Approach)

TIES
(Yadav et al., 2023)

DARE
(Yu et al., 2024)

Model Soups
(Wortsman et al., 2022a)

Model Stock
(Jang et al., 2025)

Operates on

Candidate selection

Weight optimisation

Data needed at merge

Modifies parameters

Training required

Interference handling

Formal guarantee

Scalability with N
Risk to critical neurons
(Qin et al., 2026)
Models needed
Domain

Pretrained model used

Category structure

Raw LLM weights
Yes
(correlation-guided)

Non-uniform
grid search

Benchmark
eval scores

Yes
(weighted avg)
No

Complementary
expert selection

No
Scales

(selects subset)

Low
(conservative avg)

Subset of candidate pool

(V)LLM (Complex benchmarks)

No

by within-benchmark

Task vectors

No

Majority vote
on signs

None

Yes
(trim + sign elect)

No

Trim + sign
resolution

No
Better than TA
as IV grows

Higher
(trim discards)

>2
Vision + NLP
As origin (implicit)

diverse tasks

Task vectors
(preprocessor)

No

Rescale by
1/(1-p)

None

Yes
(random zero + rescale)

No
Sparsification

of deltas

Yes
(in expectation)

Plug-in,
scales with host

Higher
(random zeroing)

> 2 (preprocessor)
NLP (LLM-focused)
As origin (implicit)

diverse tasks

Raw weights
No
(all or greedy on val)

Uniform or
greedy

Held-out val set
(greedy)

Yes

(averaged weights)

No

None
(relies on shared basin)

Partial
Scales

(greedy filters)

Low
(conservative avg)

> 2 (typically many)
Vision + NLP
No

diverse tasks

Raw weights
(layer-wise)

No
(fixed: 2 models)

Closed-form

(angle 0)

None

Yes

(weighted avg, layer-wise)

No
(periodic merging optional)

Geometric anchoring
to pretrained

Yes
(given angular consistency)

Designed for N = 2;
extends to V'

Low
(pretrained anchor preserves)

Exactly 2
Vision (CLIP)
Yes (explicit geometric anchor)

diverse tasks

Table 1: Comparison of SoCE and other Model Merging methods. Refer to Table 7 for more methods.

as part of the fine-tuning pipeline. A principal dis-
tinction between all prior souping approaches and
the method introduced here lies in their respective
objectives: previous work has primarily leveraged
souping to achieve inter-benchmark improvements
- combining models specialised in coding and func-
tion calling (Cohere et al., 2025) or across 16 spe-
cialised domains (Ablin et al., 2025) - whereas
SoCE systematically applies souping to enhance
performance on a single benchmark by exploiting
its internal compositional structure through Pearson
correlation analysis of subcategory scores, encap-
sulating capability complementarity directly into
the candidate selection process itself.

Automatic model merging: Several
works (Matena and Raffel, 2022; Stoica et al.,
2024; Yadav et al.,, 2023; Ablin et al., 2025)
explore automatic model merging techniques.
Ilharco et al. (2023) introduced task arithmetic,
defining task vectors as the difference between
fine-tuned and pretrained weights and showing
these vectors can be added, negated, or combined
to edit model behaviour - however, this suffers
from interference when models push shared
parameters in conflicting directions. Yadav et al.
(2023) proposed TIES-Merging to address this
- redundant low-magnitude parameters and sign
conflicts - and resolving them through a trim-elect-
merge procedure, while Yu et al. (2024) introduced

DARE, demonstrating that 90-99% of delta
parameters can be randomly dropped and rescaled
without degrading performance, substantially
reducing interference before merging. Matena
and Raffel (2022) proposed Fisher-weighted
averaging using the Fisher information matrix to
assign per-parameter importance weights, and
Yang et al. (2023) introduced AdaMerging, which
discovers optimal layer-wise merging coefficients
via entropy minimization without requiring
labeled data, with an application to classification
and ViT models. Jin et al. (2022) developed
RegMean, a closed-form merging solution via
inner product regression. Akiba et al. (2025) apply
evolutionary algorithms to model merging to find
high-performing multi-modal LLMs. We provide a
tabular summary of the properties of SOoCE versus
other merging methods in Tables 1, 7. Existing
merging methods share certain characteristics that
make them difficult to apply to current LLMs:
requiring either privileged access to training data
or activation statistics (Jin et al., 2022), impose ar-
chitectural constraints (Jang et al., 2024), degrade
as the number of merged models grows (Ilharco
et al., 2023), or risk destroying catastrophically
critical neurons identified by Qin et al. (2026)
through aggressive parameter trimming/random
zeroing (Yadav et al., 2023; Yu et al., 2024). Even
Jang et al. (2025) and Wortsman et al. (2022a)
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select candidates based purely on overall validation
accuracy rather than structured capability coverage
- whereas SoCE uniquely positions itself to avoid
such failure modes by operating entirely in bench-
mark performance space, requiring only publicly
available evaluation scores, and preserving all
weights through conservative weighted averaging
that minimizes critical neuron disruption.

3 Methodology: Soup Of Category Experts

Positive
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Figure 1: Pearson Correlation of models’ performance
on BFCLV3.

In this section, we present our method for model
selection and weighting the selected models with
the benchmark composition in mind.

The fundamental insight underlying our ap-
proach is that benchmark performance across cat-
egories exhibits heterogeneous correlation pat-
terns. Different models demonstrate varying ex-
pertise across benchmark categories, with some
categories being strongly correlated while others
remain weakly correlated or even negatively cor-
related in terms of cross-model performance. To
illustrate this phenomenon, we analyze the Berke-
ley Function Calling Leaderboard (BFCLv3) (Patil
et al., 2025), which comprises multiple categories
including multi-turn function calling, irrelevance
detection, and function calling across different pro-
gramming languages (Java, Javascript, etc.). Fig-
ure 1 presents a correlation heatmap showing Pear-
son correlation coefficients between category per-
formances across all models on the leaderboard,
where darker regions indicate higher correlations.
The heatmap reveals strong positive correlations
(dark green regions) between related categories
and weak to negative correlations (light green re-
gions) between unrelated categories. For instance,
multi-turn categories exhibit high inter-correlation

(0.96-0.98), indicating that models proficient in one
multi-turn task typically excel across all multi-turn
scenarios. Conversely, weak correlation (0.07) ex-
ists between Multi-turn-base (where the model is
evaluated on Multi-turn function calling aspect)
and Live Accuracy (where the model is evalu-
ated on real-world user collected function calling
prompts) categories, suggesting these represent dis-
tinct competency domains.

Algorithm 1 Soup Of Category Experts (SOCE)

Input: Benchmark  dataset D  with  categories
{C1,C4,...,Ck}
Input: Set of candidate models M = {M1, Ma, ..., M,}

Input: Correlation threshold 7 for identifying low-correlation
categories
Output: Souped model Moup
1: Step 1: Analysis
2: for each pair of categories (C;, C;) where i # j do
3: Compute Pearson correlation p;; between
(P{,..,P!) and (P/,...,PJ) across all models and
category performances
: end for
: L ={Cy | 3lsuchthat |py;| < Tor|p k| <7}
. Step 2: Expert Model Selection
: for each category C; € L do
for each model M; € M do
Pj = Performance(M;, C;)
10: end for
11: Select expert model M;" = arg max M;eMm P;
12: end for
13: Step 3: Weight Optimization
14: Apply uniform grid search to find optimal weights, such
that for w = {w1,...w;} itis Zi=1 w; = 1,1 = |L|
and w* = arg maxyw
+ S°F | Performance (22:1 wj - M7, C’i)
15: Step 4: Souped Model

16: Create souped model: Moy = S°4_, w] - M;
17: return Mo

RN o VN

Our proposed method, Soup Of Category Experts
(SoCE), exploits these correlation patterns to strate-
gically select and weight models for souping. The
core principle is to identify expert models for each
weakly-correlated category cluster and aggregate
them using optimized weighted averaging to com-
bine complementary expertise. Algorithm 1 for-
malizes this procedure, which comprises four key
steps: (1) correlation analysis to identify weakly-
correlated category pairs, (2) expert model selec-
tion for each category based on performance rank-
ings, (3) weight optimization to maximize aggre-
gate performance, and (4) weighted model souping
to produce the final combined model. For weight
optimization, we perform a search over a uniform
set of weights. We iterate over all combinations in
the weight space with a maximum weight value of
0.9, lowest weight value of 0.1 and step size of 0.1,
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where each weight corresponds to a single model .
We also add a special case of equal weighing of the
candidates to compare uniform souping. We dis-
cuss the implications of the correlation threshold
(1) on the proposed approach in Section A.6.

4 Experiments

4.1 Benchmarks and Baselines

We conduct comprehensive experiments to evaluate
the effectiveness of our proposed Soup Of Category
Experts (SoCE) methodology across three diverse
benchmarks that span different LLM capabilities:

1. Berkeley Function Calling Leaderboard
(BFCL) (Patil et al., 2025): evaluates tool
calling and function invocation capabilities
of LLMs across multiple categories including
multi-turn interactions, irrelevance detection,
and cross-language function calling. We use
BFCL-v3 commit id 1bb65c¢9 for evaluations
as stated in the public BFCL-v3 leaderboard.

2. Multilingual Grade School Math Bench-
mark (MGSM) (Shi et al., 2022): assesses
mathematical reasoning abilities across mul-
tiple languages, testing both computational
skills and cross-lingual generalization.

3. ooBench (Zhang et al., 2024): evaluates long-
context processing capabilities, testing mod-
els’ ability to maintain coherence and extract
information from extended sequences. We use
a subset containing 3 categories.

For all benchmarks, we compare individual mod-
els with the following model soups:

1. Uniform Souping (All Candidate Models)
(Wortsman et al., 2022a): Baseline approach
uniformly averaging all candidate models.

2. Uniform Soup with SoCE Model Selec-
tion: Uniform weighting applied to our se-
lected candidates based on anti-correlated cat-
egories.

3. SoCE (Weighted Souping with Model Selec-
tion): Complete proposed method with candi-
date selection and optimized weighting.

This experimental design enables targeted ablation
studies: comparing (1) vs (2) isolates our candidate
selection benefits, (2) vs (3) quantifies weight opti-
mization gains, and (1) vs (3) demonstrates overall
SoCE performance improvements. We also com-
pare current state-of-the-art individual models to

quantify improvements of souping over these mod-
els. We also evaluate SoCE against TIES (Yadav
et al., 2023), DARE (DARE-Linear) (Yu et al.,
2024) and DARE-TIES (Yu et al., 2024) on BFCL.

4.2 Numerical Takeaways

We compare souping for two model lines on BFCL:
70 billion and 8 billion parameter dense models.
We identified 4 70B model candidates from the offi-
cial leaderboard and applied SoCE to them. SoCE
achieved 80.68% accuracy, establishing a new state-
of-the-art with a 2.84% improvement over the pre-
vious best-performing individual model, xXLAM-2-
70b-fc-r (Prabhakar et al., 2025) (78.45%). The
optimal configuration utilized xXLAM-2-70b-fc-r,
CoALM-70B (Acikgoz et al., 2025), and watt-tool-
70B (gm8.ai, 2024a) with 0.5, 0.2 and 0.3 weights,
respectively. For 8B models, SoCE achieved
76.50% accuracy, surpassing the previous state-
of-the-art within the 8B model size, xLAM-2-8b-
fc-r (Prabhakar et al., 2025) by 5.7% relative, with
optimal weights of 0.7, 0.2, and 0.1 for xLAM-
2-8b-fc-r, ToolACE-2-8B (Liu et al., 2024), and
watt-tool-8B (gmS8.ai, 2024b) respectively. For ab-
lation studies on SOCE’s model selection, we com-
pare Uniform Souping (all candidate models) with
Uniform Souping with SOCE model selection, and
observe that model selection for both 70B and 8B
boosts performance. We further compare Uniform
Souping with SoCE model selection with SOCE
to understand the impact of weight optimization
on the model soup, and observe that it leads to a
relative improvement of 2.91% for 70B model and
3.36% for 8B models.

We evaluated TIES, DARE-Linear, and DARE-
TIES against SoCE to quantify the impact of
weight-merging on specialized capabilities. As
shown in Table 2, TIES and DARE approaches
suffer from catastrophic performance degradation
for BFCL achieving 0% success on the Multi-Turn
category of BFCL. This hints at models’ long con-
text capability collapse post TIES/DARE merging.
To validate this further, we benchmark these ap-
proaches on four other benchmarks using LM Eval-
uation Harness (Gao et al., 2023): Truthful Q/A
(Lin et al., 2022) (0-shot MC2 Accuracy), Long-
Bench (Bai et al., 2024) (0-shot average subtask
score), MMLU-Pro (Wang et al., 2024) (5-shot Ex-
act Match), and IFEval (Zhou et al., 2023) (0-shot
Strict Prompt Accuracy). We present these results
for 8b models in Table 3. While Truthful QA re-
mains stable and even gets a minor performance
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Model BFCL Model BFCL
Accuracy Accuracy
xLAM-2-70b xLAM-2-8b
(Prabhakar et al., 2025) 78:45% (Prabhakar et al., 2025) 72.37%
CoALM-70B ToolACE-2-8B
(Acikgoz et al., 2025) 34.49% (Liu et al., 2024) 68.73%
watt-tool-70B (gm8.ai, 2024a) 73.57% watt-tool-8B 67.79%
functionary-medium-70B 62.32% (gm8.ai, 2024b) )
(MeetKai, 2024) : BitAgent-8B 67.49%
TIES 6.47% (bittensor, 2024) )
(Yadav et al., 2023) 40.47% CoALM-8B 54.52%
DARE-Linear (Acikgoz et al., 2025) :
(Yu et al., 2024) 46.33% TIES 1375%
DARE-TIES 46.249% DARE-Linear 44.43%
(Yu et al., 2024) ) DARE-TIES 43.39%
Uniform Souping 68.33% Uniform Souping 69.80%
Uniform Souping w/ SoCE Uniform Souping w/
Model Selection 78.40% SoCE ModeIPSelgection 74.01%
SoCE(Proposed Method) 80.68 % SoCE(Proposed Method) 76.50%

(a) 70 billion parameters models

(b) 8 billion parameter models

Table 2: BFCL Performance of 8 billion and 70 billion parameter models. The first set of entries are the ingredient
models, followed by model merging methods (TIES, DARE), followed by 3 Souped Models. Uniform Souping
is where all models are combined with the same weight, Uniform Souping with model selection only combines
the selected models using the anti-correlation criterion and SoCE is the proposed method that augments Uniform

Souping with model selection with weights optimization.

MMLU- Long-

Method d TQA IFEval Pro Bench BFCL
ToolACE-8B — 533 67.8 34.1 309 68.73
xLAM-8B — 542 28.5 33.1 244 7237
watt-8B — 541 56.0 342 227 67.79
TIES 02 55.0 48.8 8.5 59 43.8
DARE-Linear 0.3 54.8 49.7 7.7 6.3 44.4
DARE-TIES 0.5 545 473 7.6 5.7 43.4
SoCE — 543 64.0 38.9 24.7 76.5

Table 3: Performance of Merging Methods on 8B mod-
els: Comparison of SoCE against TIES and DARE
across reasoning, instruction following, and function
calling. Bold values indicate best-in-category. All met-
rics are reported in percentages. TIES and DARE ex-
hibit significant regressions in MMLU-Pro and Long-
Bench, whereas SOCE maintains or improves perfor-
mance relative to SOTA specialized models.

boost, MMLU-Pro and LongBench scores collapse
to < 10%, indicating a fundamental failure in main-
taining the parameter calibration required for com-
plex reasoning and long-context processing. In con-
trast, SOCE achieves a superior 76.5% on BFCL
and 38.9% on MMLU-Pro, outperforming both
the merging baselines and the specialized models.
While SoCE is not best at LongBench or TruthFul
Q/A compared other models, it can be noted that
its better than the best BFCL individual ingredient
model (xLAM-8b) and comparable to other models.
These results demonstrate that SOCE effectively
synthesizes ingredient model capabilities without
the reciprocal inhibition or erosion characteristic

of previous merging techniques. We observe simi-
lar results for 70 billion-sized model for TIES and
DARE approaches across these benchmarks and
present the same in Appendix A.2.

We present the results on the Multilingual Grade
School Math (MGSM) Benchmark (Shi et al.,
2022) in Table 4. Similar to BFCL, we ob-
served that SoCE performs better than the candi-
date models and uniform souping. We consider
4 open source models with 6.74 billion param-
eters for model souping: MetaMathOctopus-7B
(Chen et al., 2023), MetaMathOctopus-MAPO-
DPO-7B (She et al., 2024), MathOctopus-MAPO-
DPO-7B (She et al., 2024), and Mathoctopus-
Parallel-7B (She et al., 2024). We present the re-
sults for checkpoints synthesized using uniform
souping (Wortsman et al., 2022a), uniform souping
with SoCE candidate selection, and SoCE in Table
4. Uniform souping, considering all candidates,
leads to performance regression compared to the
best candidate models.

We also perform similar ablations to
ooBench (Zhang et al.,, 2024) by training 5
Llama 3 architecture checkpoints (Grattafiori et al.,
2024) with 70 billion parameters with variations
of the same data mix to understand if souping is
useful beyond tool calling and math for LLMs.
We present these results in Tables 5 and 10. We
can see that even though the candidate models
have similar performance having been trained on

650



Model MGSM
Accuracy
MetaMathOctopus-7B
(Chen et al., 2023) 41.9%
MetaMathOctopus-MAPO-
DPO-7B (She et al., 2024) 30.9%
MathOctopus-MAPO-DPO-7B
(She et al., 2024) 39.0%
Mathoctopus-Parallel-7B
(She et al., 2024) 35.5%
Uniform Soup 47%
Uniform Soup w/ SoCE
Model Selection 47.8%
SoCE (Proposed Method) 51.7%

Table 4: Results for MGSM Benchmark: First 4 rows
are ingredient models and the last 3 rows are souped
models. It can be seen that uniform souping of all four
models leads to performance regression compared to
MetaMathOctopus-MAPO and uniform soup with candi-
date selection reduces this regression. Weight tuning in
SoCE improves the final performance by 1.57% relative
compared to the best baseline model.

Model XoBench
ccuracy
Model Candidate 1 27.24%
Model Candidate 2 24.87%
Model Candidate 3 26.72%
Model Candidate 4 27.24%
Model Candidate 5 27.44%
Uniform Soup 27.44%
Uniform Soup w/ SoCE Model Selection 27.85%
SoCE(Proposed Method) 28.0%

Table 5: co-Bench accuracy of LLAMA 3 70B architec-
ture based models. It can be seen that model selection
(corresponding to uniform souping with SOCE Model
Selection row) and weight tuning (corresponding to
SoCE row) leads to improvements. Overall, SOCE im-
proves the best models candidate by 0.56%.

variants of a single data mix, model souping is
still helpful in improving performance. Uniform
souping does not regress performance, and uniform
souping with SOCE model selection improves
performance by 1.49% relatively. Further, SoOCE
led to a 2.04% relative (0.56% absolute) lift in
performance compared to the best model candidate,
also demonstrating that both weight tuning and
candidate selection are important.

4.3 Large Scale Model Analysis: BFCL,
MGSM, and coBench

We conducted model souping and evaluation exper-
iments on a vast set of candidate checkpoints across
the MGSM, BFCL, and coBench benchmarks to
systematically investigate the effects of souping.
Our analysis yielded the following key findings:

¢ Increased Linear Correlation Across Cat-

egories after Souping: Following souping,
the performance metrics across different cat-
egories exhibit a marked increase in linear
correlation. As illustrated in Figure 2, the top
row represents the Pearson correlation coef-
ficients of checkpoint performance prior to
souping, while the bottom row represents the
correlations post-souping for BFCL, MGSM,
and coBench, respectively. These results in-
dicate that souping leads to a more consistent
and correlated performance profile across cat-
egories within a benchmark.

* Consistent Performance Gains Across cat-
egories: We observe higher average gains
across the majority of categories and souping
experiments. For example, in case of BFCL,
the trained ~ 500 unsouped checkpoints had
a mean accuracy of 49.85% (standard devia-
tion of 4.7%) and randomly souped (~ 100)
checkpoints had mean accuracy of 52.75%
(standard deviation of 3.9%). We dig deeper
into this aspect in section A.1.1.

The implications of these findings are twofold.
First, the process of training large models is often
ad hoc, with optimal performance across diverse
capabilities typically achieved through extensive
experimentation with model parameters and data
recipes—an approach that is resource-intensive.
Our results suggest that, within a given benchmark,
cooperative gains can be achieved in a more de-
terministic and systematic manner by leveraging
strong baselines and principled souping. Second,
the observed overall improvements in the average
metric values across souping candidates provide
strong evidence of robustness of models candidates
by adopting end-to-end souping methodologies.

4.4 SoCE Candidate selection experiments

SoCE comprises two components: (1) leverag-
ing correlation patterns to identify experts for un-
correlated categories, and (2) assigning appropri-
ate weights to these experts. We analyze the
significance of checkpoint diversity and the im-
pact of anti-correlations within benchmarks. On
MGSM and BFCL, SoCE yields substantial im-
provements where distinct experts can be identified
across anti-correlated checkpoints (Figures 4a, 4b).
Where clear experts are harder to identify—such
as FLORES-36 (Table 11)—or where benchmarks
exhibit minimal anti-correlation, gains are more
modest (Table 5, Figure 2c¢).
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Figure 2: Intra-benchmark performance Pearson Correlation (Pre-, and Post- souping): This is the pearson
correlation matrix of metrics across different categories on (left to right: ) 500+ unsouped (above) 100+ and
randomly souped (below) checkpoints on BFCL; 40 checkpoints on MGSM unsouped (above) and souped (below),
and; 80 unsouped checkpoints for coBench (above) and souped (below). We observe that after souping, the
performance across all the categories become highly linearly correlated.

5 Discussion

In the general case, the SoCE can be further ex-
plored as a broader solution for adding new domain
or capabilities to existing open models, overcoming
overfitting (Table 9). We anticipate future research
covering:

Application to many more tasks: SoCE can be
widely applied to the multi-task training objectives,
including

* multilingual applications: a task-specific

checkpoint + a language specific checkpoint
merged (like in (Akiba et al., 2025));

* application to combine capabilities at category
level instead of capability level like in previ-
ous works (Cohere et al., 2025);

* enabling specific use cases, where the training
data should remain private, but the checkpoint
and its unique capability can be spread across
the model family by souping.

Societal Impact: While the yearly increase in
computational scale leads to growing inequality
in academic access to frontier models (see the de-
tailed analysis in (Kogkalidis and Chatzikyriakidis,
2024)), the presented method proposes both easily
accessible low cost opportunities for the broader
community efforts and also promotes the iterative
reuse of the existing pretrained models, which can

lead to significant savings in computing resources.
This framework alone can significantly expand the
collaboration opportunities in the open source land-
scape: LLama-derivatives model family currently
approaches 150k models' with groups of the same
size and architecture that can be souped.

6 Conclusion

This work introduces SoCE, a category-aware, prin-
cipled model souping technique that achieves state-
of-the-art results and performance improvement
across diverse domains. We demonstrate that this
approach not only improves overall benchmark per-
formance but also enhances consistency and ro-
bustness across categories. We hope these findings
inspire further research into efficient model aggre-
gation and reuse within the community. We believe
that the presented method can propose a new per-
spective for the OSS community to reuse and revive
derivative models of the same architecture.

Limitations

General Method Limitations

The results presented in this paper advance our
understanding of model souping, but some method-
ological and conceptual limitations warrant more

"https://huggingface.co/models?search=11ama
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discussion.

Benchmark structure: Our method assumes
that the target benchmark ships with an explicit
sub-categorical decomposition and that each sub-
category contains enough data points for per-
category scores to be estimated reliably across a
sufficient number of models. All experiments in
this paper use benchmarks with pre-defined cate-
gory labels. Many benchmarks do not expose such
structure, and we leave the discovery of implicit
benchmark structure (for example, by means of
clustering) to future work.

Evaluation Protocol and Test-Score Reliance:
SoCE performs candidate selection and weight opti-
mization entirely in benchmark performance space:
it consumes the per-subcategory scores that pub-
lic leaderboards already report for existing models,
both to identify weakly correlated capability clus-
ters and to grid-search soup weights. Our intended
protocol is to derive this correlation structure and
these weights from a benchmark’s validation split
and to reserve the test split for final reporting, op-
erating under the standard ML assumption that the
two splits are drawn from the same or similar dis-
tribution. None of the benchmarks considered here
provides such splits, hence we relied on the direct
leaderboard scores to pick candidates. In order
to understand the risk of overfitting to the BFCL
benchmark given test score reliance, we evaluated
the merged models on several unrelated capabil-
ities and benchmarks and report these results in
Table 9. The souped models show no significant
regression while hill-climbing on BFCL, indicating
that the correlation structure captured reflects gen-
uine model properties rather than test-set artifacts.
We encourage the LLM Evaluation community to
release explicit validation and test splits, so that
selection, tuning, and hill-climbing need not be per-
formed directly on the test set which has been a
concern that extends well beyond model merging
to fine-tuning and LLM-training generally.

Application in the model training practice:
In this work, we have only tested the souping of
the ’final’ post-trained and aligned checkpoints.
As other works have shown, the models can be
souped after pre-training (Li et al., 2025), after post-
training (Wortsman et al., 2022a), with adapters2.
We do not recommend souping of the checkpoints
from different training stages, as well as souping

2https ://huggingface.co/docs/peft/en/
developer_guides/model_merging

unaligned or uncensored models with the aligned
ones to avoid the inheritance of risks.

We also want to highlight that all the experiments
are carried out on Llama 3 (Grattafiori et al., 2024)
derivative models and essentially have the same
pre-trained checkpoint. We are currently unaware
if souping requires the same pre-trained checkpoint
or can it work with different pre-trained check-
points as well.

Scaling Laws

While model souping has demonstrated promising
results, it is important to consider potential limita-
tions and diminishing returns as more models are
combined. The extent to which performance con-
tinues to improve may depend on the diversity and
capabilities of the individual models being souped.
We have not yet systematically tested the upper
bounds of this approach, and it is possible that there
exists an optimal strategy for souping checkpoints
that varies according to the capability differences
between the models involved. Further empirical
investigation is needed to better understand these
scaling dynamics.

Ethical Considerations

It is important to note that models undergoing soup-
ing procedures should be released with the disclo-
sure and detailed description of the said procedures.
Otherwise, mechanistic interpretability research
on such checkpoints can be compromised: works
like (Sun et al., 2024; Yu et al., 2025) would show
blurred results of an unknown nature. Furthermore,
souped models should be evaluated for safety and
biases to make sure souping has not injected new
biases or amplified existing ones.
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A Appendix

A.1 Additional experiments
A.1.1 FLORES-36

FLORES-101 (Goyal et al., 2021): Measures
translation quality and multilingual understanding
across a diverse set of language pairs. We use a
subset containing translations in 18 languages to
and from English. These are only used for ablation
studies. We refer to this subset at FLORES-36. We
provide a deep dive on FLORES-36 on the model
stability and avg increase via souping. We ran-
domly souped (in pairs) 37 checkpoints fine-tuned
on Llama-70B, and for 35 out of 37 souping experi-
ments, souped candidates had a higher metric score
for more than 20 categories (out of 36) with a net
positive gain observed across all categories (Figure
3). We also present an ablation on FLORES-36
in a similar setting as coBench and the results are
presented in Table 11.

A.2 Comparison of SoCE with TIES and
DARE approaches

In this subsection, we state the results for SOCE
compared with TIES and DARE baselines. We pre-
sented the 8b results in Section 4.2. In this section,
we present the same set of results for 70 billion
parameter models. Table 8 shows results on 70b
on these benchmarks. We observe similar regres-
sions in performance across IFEval, MMLU-Pro
and LongBench as observed for 8b models. While
Truth Q/A doesn’t show gains compared to all in-
dividual ingredient models, the final DARE/TIES
models are better than 2 out 3 ingredients.

A.3 Analysis of TIES and DARE Assumptions

We conduct a deeper empirical investigation into
the underlying assumptions of TIES (Yadav et al.,
2023) and DARE (Yu et al., 2024). Our analysis
reveals that several core assumptions fail to hold in
practice, and that these failures directly explain the
performance degradations observed in Tables 3, 8,
and 6.

* Near-orthogonal task vectors. DARE as-
sumes that task vectors derived from models
sharing the same base are sufficiently aligned
such that magnitude-based pruning preserves
meaningful signal. However, pairwise cosine
similarity between flattened task vectors av-
eraged 0.042, indicating near-orthogonality.
Pruning entries from such unaligned vectors

destroys shared signal rather than isolating
task-specific components.

* Majority sign conflicts. TIES resolves de-
structive interference via majority-vote sign
election. We find that 52.99% of active param-
eters exhibited sign conflicts (2-vs-1), forcing
TIES to override minority signs for over half
of all merged parameters. Furthermore, with a
smaller set of candidate models, majority vot-
ing does not necessarily correlate with direc-
tional information, undermining the validity
of this resolution strategy.

* Extreme conflict among high-magnitude
parameters. TIES retains only top-
magnitude parameters under the assumption
that these carry consensus signal. We find
the opposite: 81.63% of top-10% magnitude
parameters exhibited sign conflicts, meaning
the most important parameters are precisely
where models disagree most.

* Parameter droppability. DARE assumes
that a large fraction of task-vector parame-
ters can be dropped—either randomly or by
magnitude—without meaningful loss. How-
ever, indiscriminate dropping at scale may be
catastrophic, as it risks disrupting critical or
high-risk neurons (Qin et al., 2026).

These failures manifest clearly in the experimen-
tal results. SoCE consistently outperforms both
TIES and DARE on BFCL-v3, with degradation
most severe on tasks requiring long-context un-
derstanding and deep reasoning, as measured by
MMLU-Pro and LongBench. We hypothesise that
the sign-conflict resolution in TIES and the rescal-
ing in DARE introduce artificial noise that disrupts
the delicate, calibrated weight structure required
for tasks involving deeper memory, recall, and ex-
tended context. These findings stand in contrast
to prior work (Yadav et al., 2023; Yu et al., 2024)
showing TIES and DARE to be superior or on par
with simple model averaging. Our results demon-
strate that simple averaging with principled candi-
date selection yields more stable and robust models,
while TIES and DARE—despite preserving certain
capabilities—introduce severe regressions in do-
mains such as tool use.

658



Souped > Both
parents

Souped > at least
1 parent

Min BLEU (parents)

E=asllMax BLEU (parents)

BLEU (souped)

TRIPLET (parent1, parent2, souped) INDEX

Figure 3: Analysis of performance of 37 souped and unsouped checkpoint on Flores-36): FLORES-36 Subset
of the FLORES-101 (Goyal et al., 2021) dataset which measures translation quality and multilingual understanding
across a diverse set of language pairs. The subset containing translations in 18 languages to and from English. These
are only used for ablation studies. The x-axis contains the index of one souping triplet, i.e, the two parents and the
souped output on the FLORES-36 benchmark. The y-axis in the top figure is the count of the number of categories
in FLORES-36 and in the bottom figure, it the BLEU metric score. The orange line maps how many souped outputs
have a higher score than the at least one parent per category, the blue line maps how many souped outputs have a
higher score than both the souped candidates in the top figure. In the bottom figure, the green line shows the smaller
average BLEU score between the parents, the purple line shows the higher BLEU score and the red line shows the
souped candidate score.

659



Method Density Multi-Turn Acc  AST Live

Baseline (ToolACE) - 35.75% 87.77% 80.23% 72.22%
Baseline (watt) - 39.50% 86.67% 76.10% 77.78%
Baseline (xLAM) - 69.50% 84.58% 66.46%  77.78%

Relevance Irrelevance

89.94%
75.81%
62.69%

DARE-Linear 0.3 0.00% 79.40% 54.20%  72.22% 74.67%
DARE-TIES 0.5 0.00% 71.56% 57.93%  44.44% 78.26%
TIES 0.2 0.00% 75.67% 55.80%  71.78% 74.42%

SoCE (Proposed) - 70.00% 84.85% 74.32%  11.78% 77.83%

Table 6: Comparison of merging methods across BFCL
evaluation metrics

A.4 Understanding Impact on Other
Benchmarks while souping for one
benchmark

We evaluated SOCE models that had state-of-the-art

performance on BFCL-v3 on the following unre-

lated benchmarks to probe for overfitting to BFCL:

1. Hellaswag (Zellers et al., 2019) (commonsense
reasoning via sentence completion)

2. IFEval (Zhou et al., 2023) (instruction following
benchmark)

3. BIG-Bench Hard (Suzgun et al., 2022) (BIG-
Bench (Srivastava et al., 2022) tasks that were
hard for humans across reasoning and deduc-
tion)

We present these results in Table 9 for both 8 bil-

lion (8B) parameters model and 70 billion (70B)

parameters model. We observed the SOCE models
are either best (e.g. 70B model on IF-Eval) or sec-
ond best (e.g. 8B on IF-Eval) in many cases and
we observe no significant regressions (maximum
regression of SOCE models compared to the best
candidate is 1.08% for IF-Eval 8B SoCE model).

This shows a strong evidence that SOCE does not

lead to overfitting on the benchmark its tuned on,

even with the test-score reliance as discussed in
limitations section.

A.5 Deep dive on BFCL State-of-the-art
Performance: Winrate Analysis of
Souped Models and Individual
Candidates

On the BFCL benchmark, for 70B parame-
ters dense models, we analyze the win rate
of SoCE over individual models in the soup:
xLAM-2-70b-fc-r  (Prabhakar et al., 2025),
CoALM-70B (Acikgoz et al., 2025), and watt-tool-
70B (gm8.ai, 2024a).

We first examine the proportion of tasks solved
by SoCE that were also solved by each individual
model. SoCE successfully completes 97.2% of
the tasks solved by xLAM-2-70b-fc-r (Prabhakar
et al., 2025), 97.1% of those solved by CoALM-

70B (Acikgoz et al., 2025), and 97.1% of those
solved by watt-tool-70B (gm8.ai, 2024a). This
indicates that SoCE retains most of the capabilities
of individual models in the soup.

Next, we assess SOCE’s win rate on tasks where
individual models fail. When individual models
all fail on a given task, SoCE succeeds in 8.4% of
cases (32 out of 380 tasks), demonstrating SoCE’s
ability to solve new tasks that none of the models
in the soup was able to handle.

Further, when one individual model in the soup
fails on a given task, and not the others, SOCE is
able to complete the task in 93.0% of cases, high-
lighting the robustness of the proposed souping
approach.

A.6 Sensitivity Analysis of the Correlation
Threshold 7 and Computational Upper
Bounds of SoCE

The sensitivity of SOCE to 7 is bounded by two de-
generate extremes: at 7 — —1 the anti-correlation
criterion is never satisfied and the method reduces
to single-model selection; at 7 — 1 it degener-
ates to an unconstrained soup over all B subcate-
gory experts, at which point the grid search reaches
its computational upper bound of (B ;r 9) candidate
merges. For the benchmarks in this paper these
upper bounds are 2,002 (co-Bench), 5,005 (BFCL),
and 167,960 (MGSM). The operative regime of
SOCE — small or negative 7, N (1) < 4, tractable
grid search — lies strictly between these extremes.
The anti- and de-correlation selection criterion is
not merely a heuristic for complementaritys; it is si-
multaneously the mechanism that keeps the method
computationally tractable by preventing the expert
count from approaching the structural upper bound
B.

A.7 Post-hoc validation of our candidate
selection process using Shapley Values

Data and Game Theory: Cooperative game
theory, and Shapley value (Shapley, 1953), has
found broad application in machine learning for
quantifying component contributions. Ghorbani
and Zou (2019) introduced Data Shapley, applying
the Shapley value framework to equitably value
individual training data points based on their
marginal contribution to model performance.
Rozemberczki et al. (2022) provided a comprehen-
sive survey of Shapley value applications across
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Propert SoCE Task Arithmetic(Ilharco et al., 2023) RegMean Slerp + TAT CommandA

perty (Proposed Approach) (TA) (Jin et al., 2022) (Jang et al., 2024) (Cohere et al., 2025)
Operates on Raw LLM weights Task vectors Raw weights Embeddings Raw LLM weights
Candidate selection Yes . . No No No No (domain-designed)

(correlation-guided)

. N Non-uniform Scalar A, Closed-form Scalar a, - P
‘Weight optimisation grid search erid search (XTX) manual Heuristic + perturbation search
Data needed at merge Benchmark None X T X matrices None (Slerp) Eval scores (~500 metrics)

eval scores

Yes

Modifi .
odifies parameters (weighted avg)

Yes (delta ops)

Training required No No

Complementary

. None explicit
expert selection

Interference handling

Formal guarantee No No

Scales

Scalability with NV (selects subset)

Degrades

Risk to critical neurons Low
(Qin et al., 2026) (conservative avg)

Models needed

Moderate

Subset of candidate pool >2

Domain (V)LLM (Complex benchmarks)  Vision + NLP

Pretrained model used No As origin (implicit)

Category structure by within-benchmark diverse tasks

Yes No Yes (weighted avg)
(reweighted avg) (embedding interp) ) & &
Yes .
No (TAT, lightweight) Yes (purpose-built experts)
o v T
Via X X N/A Consistency regularisation
reweighting
Yes Yes No
(linear models only)  (Slerp geometry only)
Scales N/A

Scales (7 experts; eval bottleneck)

(closed-form) (2-component)

Low-moderate ?’/I“e/r\)';“lg]\-:{y) Low (conservative avg)
>2 1+LoRA All trained experts (7)
NLP Vision-language retrieval LLM (enterprise, 111B)
No No Yes (shared instruct init.)

diverse tasks retrieval a broad enterprise

Table 7: Comparison of SoCE against other Model Merging methods, showcasing its utility - operating in the
parameter space, depending on publicly available evaluation protocols and selecting and souping candidates in a
way that’s tractable and elegant while improving performance in the LLM space.

Method d TQA IFEval MMLU-Pro LongBench BFCL
xLAM-70B — 557 65.3 53.6 41.53 78.45
CoALM-70B  —  51.6 67.4 41.6 36.76 54.49
watt-70B — 604 73.6 61.2 43.16 73.57
TIES 0.7 57.1 584 7.5 2.11 46.5
DARE-Linear 0.9 59.1 66.4 6.3 2.75 46.3
DARE-TIES 09 57.6 61.0 8.1 2.09 46.2
SoCE — 5812 740 58.94 45.62 80.68

Table 8: Performance of Merging Methods on 70B mod-
els: Comparison of SOCE with TIES and DARE meth-
ods across Truthful QA (TQA), IFEval, MMLU-Pro and
LongBench. All metrics are reported in percentages.

ML, spanning feature attribution, data valuation,
model explanation, and federated learning. While
alternative power indices such as the Banzhaf value
have been proposed for data valuation (Wang and
Jia, 2023), the Shapley value remains the canonical
choice due to its uniqueness properties: Dubey
(1975) proved that it is the unique allocation
satisfying efficiency, symmetry, null player, and
additivity-properties that make it a natural choice
for analyzing model contributions in coalitional
settings. Unlike prior uses of Shapley values in
ML, which typically operate at the data-point or
feature level, SoCE’s application is at the level of
model checkpoints-a novel use case enabled by the
small number of candidates (making exhaustive
coalition evaluation tractable). Importantly,
the Shapley value analysis in SoCE helps with
post-hoc validation and interpretability rather than

optimization, confirming that the selected category
experts are indeed the highest-contributing
members of the coalition.

Cooperative Game Theory and the Shapley
Value: Cooperative game theory addresses
situations where multiple agents collaborate as a
team. A (transferable-utility) cooperative game is
specified by a set of players A = {aj,a2,...,a,}
and a characteristic function v : 24 — R, which
assigns to each coalition C' C A a real value v(C)
representing the utility or performance achieved
by that coalition. The Shapley value (Shapley,
1953) is a fundamental concept in cooperative
game theory, providing a principled way to
quantify each player’s individual contribution
to the team’s overall success, while satisfying
key fairness properties (Dubey, 1975). Formally,
for a player a; € A in a game with charac-
teristic function v, the marginal contribution
of a; to a coalition C' C A\ {a;} is given by
m(a;,C) = v(C U {a;}) — v(C) Let II denote
the set of all permutations of the n players,
i.e., each # € Il is a bijection 7 : A — A.
For a permutation m, define pred(a;,7) as
the set of players preceding a; in w. The
marginal contribution of a; in permutation 7 is
m(a;, ) = v(pred(a;, m)U{a;})—v(pred(a;, ))

The Shapley value ¢; for player a; is
the average marginal contribution of a;
over all possible permutations: 0% =
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Models BFCL-v3 Hellaswag IFEval BBH

ToolACE-2-8B 68.73% 78.92% 51.68% 44.80%
xLAM-2-8b-fc-r 72.37% 77.57% 45.00% 63.10%
watt-tool-8B (FC) 67.79% 78.59% 50.36% 36.54%
SoCE (Proposed Method) | 76.50% 78.37% 50.60% 63.06%

(a) 8B Souping

Models BFCL-v3 Hellaswag IFEval BBH

xLAM-2-70b 78.45% 82.80% 65.23% 82.46%
watt-tool-70B 73.57% 84.35% 73.62% 86.22%
CoALM-70B 54.49% 83.96% 67.39% 83.72%
SoCE (Proposed Method) | 80.68% 83.91% 73.98% 85.72%

(b) 70B Souping

Table 9: BFCL Souping Overfitting Results: Performance of state-of-the-art BFCL-v3 SoCE models on Hel-
laswag (Zellers et al., 2019), IFEval (Zhou et al., 2023) and BIG-Bench Hard (Suzgun et al., 2022) to understand

overfitting to BFCL-v3.

L e Io(pred(as, m) U {a;}) — v(pred(a;, 7))]
Equivalently, the Shapley value represents the

expected increase in team value when a; joins the

team at a random position in a random ordering of
the players.

Shapley Value Analysis in the Context of Model

Souping: For the Shapley value analysis, we

consider a benchmark B, a metric F', and aset V'

of candidate models for souping. As candidates,
we analyze either (1) individual checkpoints, (2)

pairs, or (3) triplets, treating each candidate as a

player and each subset C' C V' as a coalition. This

forms a cooperative game where the characteristic

function is defined as v : 2¥ — R, mapping

each subset of candidates to the performance

achieved by souping only those candidates. For any

coalition C' C V, the team performance is given

by v(C) = Performance (Souped(C); B, F),

where Souped(C') denotes the model obtained

by souping the candidates in C, evaluated on

benchmark B using metric F'. We view the souped

models as participants / agents working together

to build the best model, bringing different skills /
strengths to the table (as shown by the categories

within the benchmarks). By souping models,
we allow covering these different skills well, as

showcased by an improvement in the overall

metric. The Shapley value indicates the relative

contributions of the sub-models using souping

as the combination function in the context of the

skills of the set of all models.

We define our Shapley computation by the follow-
ing parameters; the benchmark is MGSM, the per-
formance metric is average accuracy, the character-

istic function is souping and the set of candidates
are (1) 4 open-source (OSS) models finetuned on
LLama-7B (2) 6 pairs of the OSS models (3) 4 pos-
sible triplets these for model souping using a set
of four candidate models, evaluating all possible
combinations. Separately, we also apply the SOCE
framework to the same set. As shown in Figure 4,
our analysis reveals that model contributions are
not uniform; candidates and subsets selected via
SoCE exhibit significantly higher Shapley values.
This finding underscores the critical role of SoCE’s
candidate selection in enhancing ensemble perfor-
mance. Additionally, our results indicate that dis-
proportionately weighting a weak parent model can
substantially decrease the average score (e.g., as-
signing weights of (0.05, 0.05, 0.9) on M4 reduces
the mean to 37.0). In contrast, consistently includ-
ing a strong parent model, such as M2 in combi-
nation with other candidates, reliably increases the
average score. We also extend the same method
of analyses to other benchmarks (see Figures 5c
and Sa).

We computed Shapley values (Shapley, 1953) for a
small batch of 4-5 models to understand the contri-
butions of model candidates (single, in pairs and in
triplets) and their correlation with the SoCE candi-
date selection mechanism. We found that SoCE’s
selected candidates often contributed more signif-
icantly under the souping paradigm. We also in-
clude a scenario where category experts for uncor-
related categories are not easy to distinguish, i.e. in
the case of FLORES-36. In this case, the overall
improvements of souping are marginal. This also
highlights the advantage of SoCE’s candidate se-
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Correlated

Un-correlated

Anti-correlated

Model BN |DE EN ES FR JA RU SW |TH ZH AVG

¢M1 27.6%|45.6%(69.2%) 52.4%| 47.6%35.6%| 46.0%| 27.6%|22.4%|44.8%|41.9%
M2 35.6%|56.0%69.2%| 60.4%| 57.2%|46.4% | 54.4% | 37.6%|37.2%|54.8%50.9%
M3 29.2%|42.4%|45.6%| 43.6%| 37.2%|40.0%| 39.2%| 30.4%|36.0%| 46.4%|39.0%
M4 26.8%|40.0%|45.2%| 43.2%| 34.8%30.8%| 33.6%| 30.0%|30.4%|40.0%|35.5%
SoCE [40.0%|56.4%[70.8%| 61.2%| 54.8%|48.4%| 53.2%| 42.4%|41.2%|54.0%|52.2%
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Figure 4: Shapley value Analysis: Figure (a) shows correlations among MGSM benchmark categories across 80
checkpoints. Table (b) reports category-wise performance for four finetuned HuggingFace models, and Figure (c)
shows Shapley values for single models, pairs, and triplets. M1 and M2 emerge as experts for the least-correlated
categories (ES-EN and ZH-EN) and form the strongest contributing pair. M1 is a strong parent and M4 a weak one,
which the Shapley values capture—highlighting the effectiveness of SOCE’s candidate selection.

lection strategy. We present the Shapley values in
Figure 5.

A.8 Qualitative examples of souping results
A.8.1 Wins when candidates fail

In tables 12 and 13, we show 2 examples of tasks
where our proposed approach, SoCE, applied to 70
billion parameters dense models, solves problems
that none of the individual models in the soup could
solve.

For task simple_267, SoCE correctly omits the
month parameter, while other models erroneously
include month="upcoming".

For task java_52, SoCE correctly uses "Ele-
ment.class" versus "Element" for the node_type
parameter.

A.9 Souping with Large Language Models
with Mixture-of-experts architecture

We conducted some baseline experiments on
6 models finetuned on Qwen/Qwen3-30B-A3B-
Instruct-2507 (Qwen, 2025) and 5 models Llama-4-
Scout-17B-16E (Llama, 2025) on the BFCL bench-
mark. We were able to find at least one souped
candidate that outperformed all of the candidates.
In case of checkpoints finetuned on Qwen, the cate-
gory experts were not easy to distinguish, therefore,
we observed only marginal improvements with

the best individual candidate’s average accuracy
at 67.68% and the best souped model 68.48%. It
was easier to find distinct category experts with the
checkpoints finetuned with Llama4 models and we
saw that the principles of SoCE could be applied.
The best individual candidate’s average accuracy
at 58.51% and the best souped model 61.72%. We
only publish baseline results with pairwise souping
as proof of concept that souping can be applied
to large language models with dense as well as
mixture-of-experts architectures, focusing on the
former and leaving a more comprehensive study
for the latter to future works.

A.10 Licenses of Open Sourced Models

In this study, we have used several Open Sourced
models. We have verified that these models are re-
leased under either Creative Commons Attribution-
NonCommercial or Apache 2.0 licenses.
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(c) FLORES-36-Bench for a set of 5 finetuned candidate 70B models.)

Figure 5: Shapley values: We computed Shapley values (Shapley, 1953) for a small batch of 4-5 models to
understand the contributions of model candidates (single, in pairs and in triplets) and their correlation with the SoCE
candidate selection mechanism. We found that SoCE’s selected candidates often contributed more significantly
under the souping paradigm.
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Model | avg_ocoBench | inf_mathfind | inf_longbookchoice | inf _codedebug
1 27.24% 33.71% 30.13% 19.80%
2 24.87% 32.57% 23.14% 19.04%
3 26.72% 34.00% 24.89% 21.32%
4 27.24% 34.00% 24.89% 22.59%
5 27.44% 32.57% 27.07% 23.10%
SoCE 27.85% 34.57 % 27.51% 23.60%

Table 10: coBench results (percent scale) for various models and combinations.

Model | avg_bleu | eng_deu | deu_eng | eng_spa | spa_eng | eng_tha | tha_eng | eng_por | por_eng
1 38.97 45.60 50.18 35.49 35.49 35.29 36.33 52.96 54.79
2 38.74 45.76 50.03 35.77 35.77 35.48 35.32 53.01 54.41
3 39.07 45.85 50.55 35.78 35.78 35.82 36.43 53.12 54.75
4 39.04 45.95 50.09 35.35 35.35 35.89 36.16 52.85 54.61
5 38.94 45.75 50.38 35.15 35.15 35.59 36.10 52.59 54.42
SoCE 39.19 46.22 50.39 32.06 35.72 36.26 36.57 53.27 54.83

(a) BLEU scores on FLORES-36 (German, Spanish, Thai, Portuguese.) 70B
split. (Part 1 of 4)

finetuned models Souping per language translation

Model | eng_vie | vie_eng | eng_ind | ind_eng | eng_hin | hin_eng | eng fra | fra_eng | eng_ita
1 41.84 40.75 44.99 48.07 35.11 44.95 55.55 50.88 35.08
2 41.70 40.27 4491 47.51 35.32 44.41 55.49 50.47 35.16
3 41.74 40.82 44.98 47.96 34.88 44.74 55.68 51.06 34.86
4 41.82 40.60 45.25 48.17 34.96 44.69 55.80 50.78 35.09
5 41.52 40.75 44.77 48.35 34.86 44.73 55.52 50.85 34.97
SoCE 42.08 41.06 45.22 48.50 35.47 45.08 56.15 51.26 35.26

(b) BLEU scores on FLORES-36 (Vietnamese, Indonesian, Hindi, French, Italian.) 70B finetuned models Souping per language
translation split. (Part 2 of 4)

Model | ita_eng | eng_arb | arb_eng | eng_ben | ben_eng | eng zhoHs | zhoHs_eng | eng zhoHt | zhoHt_eng
1 38.90 34.96 45.80 29.68 37.55 33.56 34.98 17.57 31.99
2 39.20 35.32 45.59 29.94 37.10 33.32 34.43 17.39 31.22
3 38.95 35.06 46.01 29.94 37.88 33.59 34.85 18.92 31.60
4 38.52 35.43 45.97 30.13 37.92 33.58 34.41 21.28 31.53
5 38.69 35.14 46.06 29.98 37.45 33.66 34.64 18.63 31.83
SoCE 39.31 36.05 46.28 30.31 37.94 33.98 35.06 20.34 31.89

(c) BLEU scores on FLORES-36 (Italian, Arabic, Bengali, Chinese (Simplified/Traditional)) 70B finetuned models Souping per
language translation split. (Part 3 of 4)

Model | eng_jpn | jpn_eng | eng kor | kor_eng | eng rus | rus_eng | eng_tur | tur_eng | eng_tgl | tgl eng
1 25.20 32.83 24.44 34.67 38.63 42.32 35.78 43.03 33.37 47.80
2 24.57 32.18 24.28 33.71 38.24 41.96 36.02 42.37 33.30 47.53
3 24.97 33.64 24.66 34.93 38.57 42.22 35.78 43.44 32.38 48.29
4 24.93 33.17 23.67 34.35 38.74 42.13 3591 42.80 32.74 48.14
5 24.75 33.34 23.87 34.53 38.77 41.88 36.26 42.93 33.00 48.17
SoCE 25.34 33.60 24.84 34.77 38.88 42.45 36.43 43.26 33.59 48.35

(d) BLEU scores on FLORES-36 (Japanese, Korean, Russian, Turkish, Tagalog.) 70B finetuned models Souping per language
translation split. (Part 4)

Table 11: Per category performance deep dive on FLORES-36 benchmark: Each language is either translated
to (language_english) or from (english_language) english. These models are less diverse, i.e, it is difficult to find
category experts, and display evidence of marginal gains consistently on average and per sub-benchmark using

SoCE.
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Task Description

java_52 In a Java XML processing context, help me obtain a list of all child
elements of type Element from a Node representing a SAML assertion
SAMLAssertionNode?

Model Output

xLAM-2-70b-fc-r x | ["name": "SamlObjectSignerTests.getChildren”, "arguments”:

"node"”: "SAMLAssertionNode"”, "node_type": "Element"]

watt-tool-70B x

[SamlObjectSignerTests.getChildren(node=’SAMLAssertionNode’,
node_type="Element’)]

CoALM-70B x [SamlObjectSignerTests.getChildren(node="SAMLAssertionNode",
node_type="Element”)]

SoCE [SamlObjectSignerTests.getChildren(node="SAMLAssertionNode",
node_type="Element.class"”)]

Table 12: Comparison of model outputs for task java_52 in BFCL v3.

Task Description

simple_267 Find the top rated modern sculpture exhibition happening in New York in the
upcoming month

Model Output

xLAM-2-70b-fc-r x | ["name”: "find_exhibition”, "arguments”: "location”: "New
York City, NY", "art_form”: "sculpture”, "month"”: "upcoming"”,
"user_ratings”: "high"]

watt-tool-70B x [find_exhibition(location="New York City, NY",

art_form="sculpture”, month="upcoming", user_ratings="high")]

CoALM-70B x [find_exhibition(location="New York", art_form="modern
sculpture”, month="upcoming”, user_ratings="high")]
SoCE [find_exhibition(location="New York

City, NY’

)

art_form="sculpture’, user_ratings="high’)]

Table 13: Comparison of model outputs for task simple_267 in BFCL v3.
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