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Abstract

Large models have achieved remarkable performance across
a range of reasoning and understanding tasks. Prior work
often utilizes model ensembles or multi-agent systems to
collaboratively generate responses, effectively operating in
a server-to-server paradigm. However, such approaches do
not align well with practical deployment settings, where a
limited number of server-side models are shared by many
clients under modern internet architectures. In this paper, we
introduce CoLM (Collaboration in Large-Models), a novel
framework for collaborative reasoning that redefines cooper-
ation among large models from a client-server perspective.
Unlike traditional ensemble methods that rely on simultane-
ous inference from multiple models to produce a single out-
put, CoLM allows the outputs of multiple models to be ag-
gregated or shared, enabling each client model to indepen-
dently refine and update its own generation based on these
high-quality outputs. This design enables collaborative bene-
fits by fully leveraging both client-side and shared server-side
models. We further extend CoLM to vision-language mod-
els (VLMs), demonstrating its applicability beyond language
tasks. Experimental results across multiple benchmarks show
that CoLM consistently improves model performance on pre-
viously failed queries, highlighting the effectiveness of col-
laborative guidance in enhancing single-model capabilities.

Introduction

Large language models (LLMs) (Brown et al. 2020; Achiam
et al. 2023; Liu et al. 2024a; Yang et al. 2025) and vision-
language models (VLMs) (Hurst et al. 2024; Li et al. 2023b;
Bai et al. 2025) have demonstrated impressive capabili-
ties across a wide range of tasks, including language un-
derstanding, logical reasoning, code generation, and mul-
timodal question answering. Their performance often im-
proves with scale, making them a foundation for many state-
of-the-art systems in artificial intelligence. However, grow-
ing evidence from recent empirical studies and deployment
experiences suggests that no single model can consistently
dominate across all domains, task types, or input distribu-
tions (Labrak, Rouvier, and Dufour 2024; Gretz et al. 2023;
Xu et al. 2024). Even state-of-the-art models may struggle
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with out-of-distribution inputs or domain-specific require-
ments. To further enhance the reasoning ability of large
models, prior work has explored collaborative approaches,
such as model ensembles, which aggregate outputs from
multiple models, and multi-agent frameworks, where mul-
tiple specialized or redundant agents communicate to solve
a problem jointly (Wang et al. 2024a; Li et al. 2025; Wang
et al. 2025). These methods have shown promising results in
boosting accuracy, robustness, and coverage, particularly in
tasks where a single model might fail due to uncertainty or
lack of context.

However, most existing collaborative paradigms rely on
a server-to-server collaboration assumption, where multi-
ple large models can communicate freely and synchronously
during inference. While these methods are effective in con-
trolled or offline environments, it becomes impractical for
large-scale deployment of LLMs and VLMs over the inter-
net, where computational resources are limited and user ac-
cess is typically routed through shared servers. These practi-
cal constraints call for a fundamental reevaluation of how
collaborative reasoning should be designed in real-world
systems. In many deployment scenarios such as mobile ap-
plications, edge devices, or shared computing clusters, a vast
number of clients must interact with only a small number of
centralized, high-capacity server models. Under such con-
ditions, these methods are incompatible with the nature of
client-server architectures, limiting their practicality.

To address these challenges, we propose CoLM
(Collaboration in Large-Models), a novel framework that
redefines collaborative reasoning from a client-server per-
spective. Unlike traditional ensemble methods that directly
produce joint outputs, CoLM leverages intermediate outputs
generated by multiple models running on distributed clients,
which are then aggregated and refined by a more capable
server-side model. The resulting guidance is sent back to the
client, where typically lightweight or privacy-constrained
target models utilize this information to generate the final
responses. By separating heavy reasoning from local gen-
eration, CoLM enables efficient collaboration that improves
client-side performance without incurring the computational
cost of ensemble inference or requiring full server-side de-
coding.

For language tasks, we adopt a three-stage client-server
paradigm. Domain-specialized client models generate refer-



ence responses independently, which are then synthesized
by a central server model to produce a global answer. This
answer is subsequently returned to the clients as guidance,
enabling them to refine their final responses.

Vision-language models are often trained on diverse mul-
timodal datasets and exhibit varied strengths and biases
across tasks. Rather than forcing ensemble decoding, CoLM
for VLMs uses a prompt-based collaboration strategy: the
outputs from multiple VLMs are concatenated as contextual
input to guide a model. This design naturally supports task-
level diversity and allows each model to contribute comple-
mentary perspectives, resulting in more robust and accurate
final outputs. Our experiments demonstrate that models with
complementary strengths can collaborate to guide a target
vision-language model, significantly improving accuracy es-
pecially on challenging queries where standalone models
often fail. This demonstrates the potential of client-server
collaboration to advance the capabilities and applicability of
large models.

Related Work

Ensemble and Collaborative Reasoning in Large Mod-
els LLMs have made significant progress in reasoning
tasks with prompting techniques such as Chain-of-Thought
(CoT)(Kojima et al. 2022; Wei et al. 2022) and Self-
Consistency(Wang et al. 2022), which promote step-by-step
thinking and improve answer reliability through path sam-
pling. In parallel, recent studies have explored multi-agent
collaboration to enhance LLM reasoning. A common direc-
tion involves debate-style frameworks, where multiple mod-
els interact through iterative discussion or voting to arrive
at better answers (Du et al. 2023; Liang et al. 2023). Sev-
eral works have shown that introducing constructive noise
into the model inputs or intermediate representations can en-
hance model robustness and generalization (Li 2022; Zhang
et al. 2025, 2024a; Huang et al. 2025a; Jiang et al. 2025).
Other approaches, such as Multi-Agent (MoA) and Self-
MoA (Wang et al. 2024a; Li et al. 2025), improve prediction
by aggregating responses from multiple rounds of model in-
teraction. While these systems rely on iterative collabora-
tion, they do not aim to improve or guide a specific target
model.

Routing and Cascading Inference for Cost Efficiency
To reduce the cost of LLM deployment, routing and cas-
cading methods have been widely explored. Routing meth-
ods like RouteLLM (Ong et al. 2024) and Eagle (Zhao, Jin,
and Mao 2024) aim to dynamically select the most appro-
priate model per input query. Cascading methods instead
involve sequential invocation of models based on response
confidence or quality thresholds. Frugal GPT (Chen, Zaharia,
and Zou 2024), for example, uses a judging model to de-
termine if the current model’s output is sufficient, invok-
ing stronger models only when needed. Other works ex-
plore policy learning (Zhang et al. 2024b) or structured rep-
resentations (Yue et al. 2024a) to optimize cascade deci-
sions. While effective in saving cost, these approaches still
incur multiple inference calls and primarily focus on model
switching, not on improving a given model’s capability.
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Client-Server and Distributed Inference Some efforts
have explored distributed inference strategies to balance
latency and computation in real-world systems. Neuro-
surgeon (Kang et al. 2017) and DDNN (Teerapittayanon,
McDanel, and Kung 2017) propose splitting models be-
tween edge and cloud for collaborative computation. Auto-
split (Banitalebi-Dehkordi et al. 2021) further generalizes
this concept into a practical framework for edge-cloud Al
deployments. A comprehensive survey (Wang et al. 2024b)
reviews recent advances in end-edge-cloud collaborative
deep learning, highlighting challenges and system-level de-
sign considerations. These approaches align with our CoLM
design, which leverages limited server-side interaction to
guide lightweight client-side inference, enabling scalable,
efficient collaboration in practical deployments.

Collaborative Reasoning in Multimodal Settings Some
works have explored using multiple agents with distinct
capabilities to tackle complex multi-modal tasks. Multi-
Agent VQA (Jiang et al. 2024) employs a cooperative setup
where a central vision-language model offloads subtasks like
object detection or counting to specialized models. Simi-
larly, BuboGPT (Zhao et al. 2023) integrates an off-the-
shelf grounding module into a multimodal LLM to enhance
fine-grained object localization during response generation.
MMCTAgent (Kumar et al. 2024) further advances this ap-
proach by introducing a critic module and iterative reason-
ing loops, mimicking human critical thinking to refine com-
plex visual answers. Recent works demonstrate that intro-
ducing beneficial noise into multimodal representations can
improve alignment and generation quality (Huang, Zhang,
and Li 2025; Huang et al. 2025b; Wang, Zhang, and Yuan
2025; Fu et al. 2025). More recently, MAMMOQA (Rajput
et al. 2025) generalizes multi-agent collaboration to handle
text, tables, and images jointly, where dedicated VLM and
LLM agents sequentially decompose, synthesize, and inte-
grate modality-specific insights.

Method

Our proposed CoLM is designed to facilitate efficient
and structured collaboration between models deployed in
a client-server architecture. This design closely aligns with
practical deployment scenarios where users interact with Al
models running on resource-constrained client devices such
as smartphones, tablets, or edge computing nodes.

Motivation

In real-world deployment scenarios, client-side models are
highly customized, either through domain-specific or long-
term adaptation to particular user behaviors. These models
run on personal devices or localized environments and ac-
cumulate specialized knowledge and exhibit strong domain
preferences. They distinct from one another not just in scale,
but also in perspective and reasoning habits.

Unlike traditional ensemble or agent systems which typi-
cally rely on multiple models to reach a consensus, our set-
ting embraces the diversity among client models. This di-
versity is not a source of noise but rather a valuable feature.
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Figure 1: Left: Traditional server-to-server collaboration paradigm, where multiple large models interact directly during infer-
ence. These approaches often rely on interactions among general-purpose models, lacking specialization structure. Right: Our
proposed client-server collaboration paradigm, where lightweight client models receive guidance from shared server-side mod-
els. This design allows each client to maintain long-lived, domain-specific expertise while improving response quality through

collaboration.

Each model reflects a unique domain expertise or person-
alization history. In our setup, client models first indepen-
dently produce responses based on their specialized under-
standing. These responses are then sent to a central server
model, which integrates them to generate guidance. Then
each client model can use to revise and refine its own an-
SWer.

This interaction loop encourages models to not only con-
tribute their strengths but also evolve through exposure to
alternative perspectives. It allows underperforming models
to benefit from others’ knowledge, while still preserving
their personalized traits. In doing so, CoLM enables a richer
form of collaboration that improves robustness and gener-
alization. As shown in our experiments (Section ), CoLM
achieves a strong balance between collaboration efficiency
and performance, demonstrating its practicality and broad
potential for real-world deployment.

The CoLLM Inference Pipeline

CoLM supports collaborative reasoning in both language
and vision-language scenarios. While both share the same
guiding principle, the actual inference pipelines differ due
to architectural differences between LLMs and VLMs.

For LLM models, CoLM organizes models into two
asymmetric roles: lightweight client models that generate
reference responses, and a central server model responsible
for synthesizing and producing the final output.

Given a user query g, the inference process begins by
identifying which models in a larger pool are most relevant
to the query. Let C = {M7, Ma, ..., Mk} denote the com-
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plete set of available client models. Each client M; is asso-
ciated with a specialization prompt P(M;) that describes its
intended domain or behavioral role (e.g., “You are an expert
in math”). We use a strong general-purpose language model
(e.g., GPT-40) to estimate the semantic similarity between ¢
and each P(M;), and select the top-k most relevant models
to form a task-specific subset C* C C.

Each selected model M; € C* is then queried indepen-
dently to generate a domain-specific response M;(q). These
client responses are treated as expert contributions offering
diverse knowledge perspectives. These experts may include
(1) real, task-optimized models like Qwen-Math and Qwen-
Coder, or (2) simulated pseudo-experts created by prompt-
based role conditioning of general models. The latter ap-
proach allows us to instantiate specialists in domains with-
out further training. Once all expert responses are collected,
the server model M is tasked with synthesizing them into a
final answer. Formally, the answer a is produced as:

a=M;(q, {Mi(q) | M; € C"})

Here, {M;(q)},cc- denotes the collection of expert re-
sponses, and the server model M, conditions on both the
original query and these expert outputs to generate a. The
aggregation is guided by a prompt that encourages consis-
tency, factual accuracy.

In final stage, every client receives the server’s aggregated
output, and revises its response accordingly. Rather than pro-
ducing a single unified answer, this process enables each
model to benefit from the shared insights while still tailoring
its output to its specialized domain or user preference.



Model ‘ MME-P ‘ MME-R ‘ SEEDBench ‘ MMBench ‘ OCRBench ‘ AI2D ‘ MMMU-Val | MMMU-Dev | Avg. Score
Qwen2.5-VL-7B | 1693.53 | 611.43 0.771 0.831 881 ‘ 0.809 0.444 0.433 61.88
Qwen2.5-VL-7B* || 1656.04 | 614.641 0.7721 0.819 865 0.782 0.5321 0.5131 63.301
Janus-Pro-7B 1509.38 | 270.71 0.701 0.665 584 ‘ 0.679 0.380 0.373 47.55
Janus-Pro-7B* 1482.28 | 434.641 0.7471 0.7731 8001 0.7821 0.4991 0.4601 58.061
LLaVA-1.5-7B 1340.31 | 302.14 0.601 0.629 308 ‘ 0.519 0.323 0.273 38.62
LLaVA-1.5-7B* || 1349.791 | 408.931 0.7511 0.7671 6781 0.7751 0.4891 0.4871 56.131
GPT-40 1618.96 | 672.86 0.755 0.813 806 ‘ 0.737 0.569 0.567 63.51
GPT-4o* 1704.771 | 688.931 0.7661 0.8251 8241 0.734 0.5741 0.5801 64.531

Table 1: Evaluation results of VLMs on multiple benchmarks. Models marked with an asterisk (*) and highlighted rows rep-
resent responses generated using our collaborative method. 1 indicates improved performance compared to the original model.

Avg. Score is the average of all scores scaled to a 0-100 range.

For VLMSs, we consider a realistic scenario where a sin-
gle user interacts through multiple devices, each represent-
ing a distinct view. Correspondingly, multiple client VLMs
are employed, each independently reasoning on the same
multimodal query and generating their own answers. These
answers often provide complementary perspectives and cap-
ture different aspects of the query. Unlike language models,
VLMs generally do not possess chain-of-thought reasoning
capabilities. Server-side integration is not suitable.

Therefore our collaborative inference strategy involves a
two-step process: first, the query is distributed to multiple
client VLM, yielding diverse responses. Then, all responses
are concatenated into a structured prompt and fed back to
previous VLM models. These models integrate and refine
the aggregated information to produce a final, more com-
prehensive answer. This approach effectively leverages the
complementary strengths of multiple VLMs, enabling more
accurate and multimodal understanding.

Experiment

We conduct comprehensive experiments to evaluate the ef-
fectiveness of the proposed framework across both LLM and
VLM tasks. We aim to answer the following key research
questions:

e Q1: Can collaboration improve overall response quality
compared to standalone generation?

* Q2: To what extent does each expert model contribute to
performance gains?

* Q3: How does the performance change as the scale of
client model becomes larger?

Experimental Setup

Benchmarks For VLMs, we evaluate our model on
widely recognized image-based vision-language bench-
marks to assess multimodal understanding capabilities:
MME (Fu et al. 2024), SEED Bench (Li et al. 2023a), MM-
Bench (Liu et al. 2024b), AI2D (Kembhavi et al. 2016),
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OCRBench (Liu et al. 2024c) and MMMU (Yue et al.
2024b).

For LLMs, we adopt three prominent alignment and
instruction-following datasets: AlpacaEval 2.0 (Dubois et al.
2024), Arena-Hard (Li et al. 2024), and MT-Bench (Zheng
et al. 2023).

Models In our experiments, we employ a selection of
widely used, publicly available open-source language mod-
els, focusing on those with strong performance across a vari-
ety of tasks. Specifically, for the VLM models, we leverage
four different models with diverse architectures and training
paradigms: GPT-40, Qwen2.5-VL-7B-Instruct(Bai et al.
2025), Janus-Pro-7B(Chen et al. 2025), and LLaVA-v1.5-
7B (Liu et al. 2023). All inferences are performed via official
APIs or direct model reference. Specifically, GPT-4o is ac-
cessed through OpenAl’s API, while the remaining models
are downloaded from Hugging Face and run locally using
open-source inference frameworks.

For the LLM models, we select five models, each repre-
senting a distinct domain expertise. Three are expert-tuned
variants from the Qwen and DeepSeek teams (Yang et al.
2025; Liu et al. 2024a): Qwen-Math, optimized for math-
ematical reasoning; Qwen-Coder, specialized in code gen-
eration; and Deepseek-Math-7B, another model focused on
mathematical tasks. In addition to these, we simulate expert
behaviors in general-purpose models through prompt-based
role conditioning. For example, DeepSeek-Creative (Liu
et al. 2024a) is prompted to adopt a creative writing role,
while GPT-40 (Achiam et al. 2023) is guided to emulate em-
pathetic dialogue which we called GPT-Conversational. To
support centralized response synthesis, we use GPT-40 as
the server model. We select it for its strong reasoning capa-
bilities and consistent cross-domain performance. All model
inferences are conducted via official APIs, adhering strictly
to licensing terms and usage policies.
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Figure 2: Examples of Janus-Pro-7B responses on VQA tasks. Our method enables the model to produce more accurate answers

through collaborative inference.

Main Results

VLM Results Table 1 presents the performance of sev-
eral representative vision-language models (VLMs) across
a wide range of benchmarks, covering both perception and
reasoning capabilities. Our method leads to consistent im-
provements across most tasks.

A general pattern emerges when grouping models by
their original capability. Relatively weaker models, such
as LL.aVA-1.5-7B and Janus-Pro-7B, tend to gain the most.
For example, Janus improves notably on reasoning-intensive
benchmarks like MMBench and MMMU-Val, while LLaVA
shows strong gains on OCRBench and SEEDBench. These
models likely benefit from richer, multi-perspective context
that helps compensate for their limited perception or reason-
ing skills. Stronger models, such as GPT-40 and Qwen2.5-
VL-7B, also benefit, though the improvements are more
modest. Since these models already perform near the ceil-
ing on many tasks, the collaboration of models acts more as
a refinement than a correction. Still, GPT-40 sees consistent
gains on benchmarks like MME and MMMU, suggesting
that even high-capacity models can profit from added con-
textual diversity.

Benchmarks that require complex reasoning such as MM-
Bench, SEEDBench, and MMMU show the most consis-
tent gains. This supports the idea that collaboration serves
as a lightweight form of externalized reasoning, enabling
stronger inference without altering the model itself. For ex-
ample, the collaboration helps models like LLaVA and Janus
focus on semantically important regions or concepts that
they might otherwise miss. This is further illustrated in Fig-
ure 2, where Janus-Pro-7B fails on several VQA examples,
while the enhanced version produces more accurate and
grounded answers with collaboration. These cases show that
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our method improves not only overall scores but also answer
quality at the instance level.

LLM Results. Table 2 reports the performance of sev-
eral large language models (LLMs) on three benchmarks:
MT-Bench, AlpacaEval 2.0, and Arena-Hard, which re-
spectively evaluate multi-turn dialogue capability, alignment
with human preferences, and challenging reasoning ability.
Each model is evaluated both in its original form and an
enhanced version (marked with *), where the enhancement
corresponds to applying our proposed collaborative client-
server mechanism. To further contextualize performance, we
also include comparisons against MoA (Wang et al. 2024a),
a representative collaborative framework, and our central-
ized Server Output, which aggregates responses from all
collaborating users. The server output achieves the best over-
all performance across most metrics, demonstrating the up-
per bound of collaborative reasoning under full information
sharing.

On MT-Bench, which focuses on multi-turn conversa-
tional ability, all models benefit from the enhancement, with
particularly notable improvements in the second turn scores.
This consistent pattern suggests that the collaborative con-
text effectively helps models maintain dialogue coherence
across turns, especially enhancing weaker baselines. Inter-
estingly, the average turn score across all models increases
significantly, confirming the robustness of the approach. Re-
garding AlpacaEval 2.0, our approach consistently enhances
all evaluated models, improving their alignment with human
preferences and producing more fluent, locally consistent
outputs. On the more challenging Arena-Hard benchmark,
all enhanced models show significant performance boosts.
Particularly, models with initially modest results experience
substantial improvements, illustrating how our client-server



MT-Bench AlpacaEval 2.0 Arena-Hard
Model ] . Avg. Score
st Turn 2nd Turn Avg. LC Win Win Score

Qwen2.5-Math-7B-Instruct 4.35 3.19 3.77 433 3.98 3.02 15.02
Qwen2.5-Math-7B-Instruct* 6.307 4.341 5.341 14.267 14.487 12.487 26.717
Qwen2.5-Coder-7B-Instruct 3.66 2.34 2.99 15.64 7.26 8.72 18.09
Qwen?2.5-Coder-7B-Instruct* 5.037 2.831 3.991 21.747 8.287 54.807 38.811
Deepseek-Math-7B-Instruct 4.54 3.16 3.85 4.61 2.81 3.48 15.53
Deepseek-Math-7B-Instruct* 7.367 5.4217 6.4017 45.087 32.237 59.7671 56.287
GPT-Conversation 5.98 5.71 5.84 33.59 45.41 17.00 36.33
GPT-Conversation* 7.1417 7.241 7197 42.907 57.567 67.577 60.791
DeepSeek-Creative 7.90 7.78 7.84 60.04 54.56 61.25 66.56
DeepSeek-Creative* 8.207 7.867 8.037 60.887 54.43 80.731 73.971"
MoA 8.36 7.42 7.90 76.78 81.90 92.96 82.91
Server output 8.85 7.49 8.17 77.72 82.31 92.37 83.93

Table 2: Results on MT-Bench, AlpacaEval 2.0, and Arena-Hard. Rows with background shading indicate outputs generated
by our collaborative method. 7 denotes improved performance compared to MoA. “Server output” refers to model outputs gen-
erated using our server-side method, while “MoA” refers to outputs generated by the same model using the MoA architecture.
The comparison highlights the effectiveness of our server-side approach.

collaboration empowers weaker models by effectively lever-
aging external expertise.

In summary, our client-server collaborative framework
systematically enhances diverse models, particularly em-
powering weaker models to better leverage information and
guidance from server-side counterparts, validating the prac-
tical advantage of distributed collaboration in large models.

Ablation Study

In this section, we analyze three key factors affecting our
collaborative framework: individual client contributions, the
number of collaborating users, andcollaboration rounds.

Influence of Individual Client Models in
Collaboration

To better understand the contribution of each client model,
we evaluate a simplified scenario where the server collabo-
rates with only one client model at a time. The results are
shown in Table 3. Overall, on most benchmarks, the best
performance is achieved only when all client models collab-
orate together, as single models alone struggle to fully cover
the diverse demands of multimodal tasks. Among individ-
ual clients, GPT-40 consistently achieves the best standalone
performance, especially on complex reasoning tasks. Qwen-
VL performs well on MME and SEEDBench. LLaVA per-
forms relatively weaker when used alone, highlighting the
necessity of collaborative synergy in more challenging tasks.

These findings demonstrate that collaboration within
CoLM is not merely compensatory but synergistic. Each
model contributes unique strengths, yet no single client
matches the performance of the fully collaborative CoLM
setup. This underscores the importance of our client-server
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architecture and motivates further exploration of adaptive
client selection strategies tailored to task requirements.

Model H MME ‘ SEEDBench ‘ MMBench

AI2D
Janus-Pro-7B 270.71 0.701 0.665 0.679
Only Qwen2.5-VL-7B 364.29 0.731 0.685 0.733
A +93.58 +0.030 +0.020 +0.054
Only LLaVA-1.5-7B 276.79 0.653 0.597 0.483
A +6.08 —0.048 —0.068 —0.196
Only GPT-40 310.71 0.721 0.701 0.742
A +40.00 +0.020 +0.036 +0.063
Janus-Pro-7B* 434.64 0.747 0.773 0.782
A +163.93 +0.046 +-0.108 +-0.103

Table 3: Performance comparison of Janus-Pro-7B under
different collaboration settings across multimodal bench-
marks. Janus-Pro-7B runs without collaboration. Rows la-
beled “Only [Model]” denote collaboration between Janus-
Pro-7B and an additional client model. Janus-Pro-7B* uses
all models in collaboration. A indicates the absolute perfor-
mance change relative to Janus-Pro-7B.

Impact of Collaborative User Scale on LLM

We investigate how the number of collaborative users affects
the performance of large language models on three repre-
sentative benchmarks. As shown in Figure 3, increasing the
number of participating client models consistently improves
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Figure 4: Performance improvements with increasing collaboration rounds across multiple datasets and models. Iterative in-
teraction consistently enhances results, especially for models with weaker initial outputs, but shows diminishing returns after

several rounds.

performance across all evaluated tasks. This demonstrates
that diversity among expert LLMs provides richer insights
and better reasoning capabilities, mirroring the benefits of
real-world collaboration where multiple perspectives lead to
stronger outcomes.

However, these performance gains exhibit diminishing re-
turns as the number of collaborating clients increases. Be-
yond a certain point, additional client responses may intro-
duce redundant or conflicting information, making it chal-
lenging for the server to extract further useful knowledge.
Therefore future work could explore more selective or adap-
tive integration strategies that prioritize high-quality or com-
plementary inputs, thus improving the efficiency and effec-
tiveness of the aggregation process.

Effect of Collaboration Rounds

Figure 4 illustrates how model performance improves pro-
gressively with an increasing number of collaboration
rounds across various datasets and models. Iterative interac-
tion allows models, especially those with weaker initial pre-
dictions, to refine their outputs by correcting mistakes and
integrating complementary knowledge.

Domain-specific models often exhibit rapid gains in the
early rounds, leveraging their specialized knowledge ef-
fectively. However, the performance improvements tend to
plateau after several iterations, indicating diminishing re-
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turns. This saturation highlights the practical trade-off be-
tween accuracy improvements and additional computational
overhead, suggesting the importance of choosing an optimal
number of collaboration rounds in real-world applications.

Conclusion

In this work, we introduce CoLM, a client-server paradigm
for collaboration in large models. By shifting from tradi-
tional server-to-server ensembles to a more practical client-
server architecture, CoLM better reflects real-world deploy-
ment constraints, where resource-limited user-side models
can still benefit from server-side expertise. Moreover, we
extended CoLM to vision-language models, showing that
collaborative guidance remains effective in multimodal set-
tings. Overall, CoLM provides an efficient and deployment-
friendly framework for improving model robustness and
performance in both language and vision-language tasks.
Currently, our approach is limited by the availability of
truly specialized client-side models, as such dedicated ex-
pert models are not yet widely deployed. This restricts the
diversity and effectiveness of model selection in practice.
However, we are optimistic that as more specialized and
personalized models become accessible on client devices in
the future, the potential and benefits of our method will be
greatly enhanced.
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