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Abstract

This position paper argues that in many real-
istic (i.e., complex, contextualized, subjective)
scenarios, one LLM is not enough to produce
a reliable output. We challenge the status quo
of relying solely on a single general-purpose
LLM and argue for multi-LLM collaboration
to better represent the extensive diversity of
data, skills, and people. We first posit that a
single LLM underrepresents real-world data
distributions, heterogeneous skills, and plural-
istic populations, and that such representation
gaps cannot be trivially patched by further train-
ing a single LLM. We then organize existing
multi-LLM collaboration methods into a hi-
erarchy, based on the level of access and in-
formation exchange, ranging from API-level,
text-level, logit-level, to weight-level collabo-
ration. Based on these methods, we highlight
how multi-LLM collaboration addresses chal-
lenges that a single LLM struggles with, such
as reliability, democratization, and pluralism.
Finally, we identify the limitations of existing
multi-LLM methods and motivate future work.
We envision multi-LLM collaboration as an es-
sential path toward compositional intelligence
and collaborative AI development.

1 Introduction
The successes of scaling models (Kaplan et al.,
2020) and data (Hoffmann et al., 2022) have fueled
the overly optimistic hope that simply building an
ever-larger language model is a path to achieving
human-like intelligent AI models. From research
artifacts to user-facing products, the commercial-
ization of LLM and AI technologies further rein-
forces this status quo: major players train a sin-
gle general-purpose in-house LLM and compete
by attempting to outrank other models (Henshall,
2024). This quest for the “best” single LLM—
measured by leaderboard scores, user adoption,
and profitability—has brought about the bloom of
LLM research and development where new models
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Figure 1: Despite the quest for general-purpose mod-
els, a single LLM suffers from underrepresentation of
data (language varieties, domains, styles), skills (rea-
soning abilities, linguistic and communication skills,
creative capacities, and technical competencies), and
people (opinions, values, cultural norms).

emerge daily and the state-of-the-art is constantly
reshaped (Liang et al., 2023a; Chiang et al., 2024b;
Guo et al., 2025).

We challenge the status quo by arguing that one
LLM is not enough and advocate for multi-LLM
collaboration, where multiple language models
collaborate for compositional generative modeling.
We first argue why one LLM is not enough (§2):
despite being general-purpose, a single monolithic
model struggles to reflect the intricate diversity of
the real world and underrepresents the long tail of
data types, model skills, and people. (Figure 1) We
then propose a taxonomy of multi-LLM collabo-
ration protocols (§3) in which LLMs collaborate,
interact, and exchange information at the API-level,
text-level, logit-level, and weight-level, offering di-
verse modes of collaboration compatible with all
stages of the LLM lifecycle and usage types. We
then argue that multi-LLM systems empowered by
these protocols bring out benefits that a single LLM
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struggles to reflect (§4): pluralism, democratiza-
tion, efficiency, adaptability, and more. Together,
these arguments demonstrate that multi-LLM col-
laboration is an important yet overlooked family
of methods, and a promising approach to advance
language technologies.

We identify some limitations of existing multi-
LLM collaboration protocols and applications (§5),
which motivate us to lay out an actionable roadmap
for future work beyond monolithic models and to-
wards advancing modular multi-LLM systems. We
hope that this position will be a call-to-action for
the research community to propose, evaluate, and
promote collaboration strategies and communica-
tion protocols for multi-LLM collaboration.

2 One LLM Is Not Enough
From the early successes of scaling up model
size (Kaplan et al., 2020) and training data (Hoff-
mann et al., 2022), language technologies have
transitioned from task-specific systems to “general-
purpose” language models (Brown et al., 2020): by
pretraining on gigantic corpora and aligning with
extensive instruction tuning and preference opti-
mization, one LLM can be prompted to solve a
diverse range of tasks and problems, leading some
to believe that the future of language technologies
is in figuring out the recipe for scaling and develop-
ing a single omnipotent LLM. Despite its promise,
we argue that a single LLM, as designed today, is
not enough to achieve a truly reliable system: even
with the best effort to curate data, design architec-
tures, and improve model inference, a single LLM
suffers from underrepresentation on three fronts:
data, skills, and people.

Underrepresentation of data. Despite extensive
data curation efforts, a single LLM is ultimately
trained on a static snapshot of what is available,
and there are always elements in the real-world
language distributions that are missing or down-
weighted in this static snapshot (Lazaridou et al.,
2021). For example, constant changes in the state
of the world quickly make the parametric infor-
mation of LLMs outdated (Dhingra et al., 2022;
Kasai et al., 2024). Private and copyrighted texts
would require careful consideration in LLM train-
ing, but are otherwise essential for personalization
and context (Wei et al., 2024; Chen et al., 2024).
Languages, dialects, and language varieties in the
long tail of data distributions are easily outnum-
bered and overshadowed by the majority (Song
et al., 2023; Faisal et al., 2024). Evolving trends,

unspoken cultural and social norms essential for
socially-aware LLM applications, commonsense
and implicit knowledge are hard to pin down with
static data snapshots (Rao et al., 2024; Shi et al.,
2024c). The list goes on, and much of the real-
world variation expressed through language will
inevitably be lost when we solely rely on a single
LLM with a static hodgepodge of training corpora.

Underrepresentation of skills. Earlier language
technologies were defined by task-specific progress
with specialized methods, models, and subcom-
munities of experts for tasks like machine transla-
tion, summarization, question answering, and nat-
ural language inference (Sun et al., 2022). LLMs
broke from this trend by being seemingly “general-
purpose” and it appears plausible that all we will
need in the near future is a single omnipotent LLM
that works best in any task and context.

However, no single LLM is Pareto-optimal em-
pirically and it is prohibitively expensive (if not im-
possible) to optimize for a single model that outper-
forms all other models on all skills. For example,
Gemini (Team et al., 2023) currently ranks best on
Chatbot Arena (Chiang et al., 2024b) focusing on
instruction following, GPT-4o (Achiam et al., 2023)
is best on the HELM leaderboard (Liang et al.,
2023a) with an emphasis on QA and math reason-
ing, while a fine-tuned version of InternLM (Team,
2023) is best on textual and algorithmic tasks in
Big-Bench Hard (Suzgun et al., 2023) on Open
LLM Leaderboard (Fourrier et al., 2024).1 Com-
pared to multilingual LLMs, these models would
perform poorly on GlobalBench (Song et al., 2023)
and DialectBench (Faisal et al., 2024) compared to
multilingual LLMs, where tasks include languages
and language varieties not captured in the most
popular leaderboards. This demonstrates that even
the most advanced LLMs have major limitations
in skills and task coverage, and that additional spe-
cialization of models is critical.

Underrepresentation of people. All LLMs are
ultimately used by people with diverse needs, plu-
ralistic values, and varying socio-cultural back-
grounds. Despite the ever-increasing model size
and benchmark scores, we witness a constant lack
of representation of actual LLM users.

On one hand, a single LLM struggles to reflect
pluralistic human values, cultures, and social con-
texts (Sorensen et al., 2024b; Feng et al., 2024d;

1Leaderboards accessed on Nov 24, 2024.
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Leibo et al., 2024), in any language. LLM users
are not homogeneous, bringing a wealth of perspec-
tives and diversity that shapes our world: despite
the potential diversity in data sources, even state-
of-the-art LLMs cannot equitably serve the entire
spectrum of users by reflecting such heterogeneity.
For example, LLMs often feature a West-centric
cultural persona (Naous et al., 2023) and struggle
to adapt to cultural variation (Rao et al., 2024); a
single LLM would most likely reinforce the ma-
jority class in training data and exhibit biases in
opinions and perspectives (Santurkar et al., 2023;
Feng et al., 2023a); user agency often remains over-
looked since monolithic LLMs lack steerability
and controllability in value-laden instructions and
contexts (Sorensen et al., 2024a). Since LLMs
are already trained on diverse texts from the web,
representing populations would require solutions
beyond scaling data for a general-purpose LLM.

Moreover, by solely relying on one single model
we are also solely relying on only one team of
model developers. With the increasing cost and
opaqueness of developing an LLM, these teams are
becoming highly homogeneous: big tech compa-
nies, researchers with advanced degrees, overrepre-
sentation of certain demographic groups are com-
mon sketches of the teams behind state-of-the-art
LLMs (EEOC, 2024). However, this leaves the vast
majority of actual and underprivileged LLM users
without a say in the decision making of model train-
ing and development, while they can only access
these LLMs which might not have been developed
with their needs and priorities in mind. An open
and collaborative development approach that is the
cornerstone of open-source communities (Johnson,
2006) is thus neglected in the over-focus on chas-
ing the best single model, underrepresenting the
voices and needs of actual LLM users that go be-
yond synthetic benchmark numbers.

Challenges to Improve One Model’s Coverage
A tempting solution to these problems is to further
train the current best LLM to improve the represen-
tation of data, skills, and users. We argue that this
band-aid approach is challenging at best:

When data is underrepresented, model develop-
ers can scrape from previously unseen domains for
further tuning. However, it is costly to frequently
re-train and update model versions with gigantic
LLMs, while private and copyrighted data sim-
ply should not be included in training. Retrieval-
augmented geneartion (Guu et al., 2020; Shi et al.,

2023) could provide unseen data as context, but it
is unclear whether LLMs would fully leverage the
context (Shi et al., 2024b) and to what extent is this
steerability reliable (Sprague et al., 2024).

When skills are underrepresented, model devel-
opers can derive targeted supervised fine-tuning
data for continual learning (Zhang et al., 2023).
However, tuning to patch a weakness in skills may
lead to tradeoffs in other tasks and sometimes even
catastrophic forgetting (Luo et al., 2023; Lin et al.,
2024), as any specialization on the trained model
might harm its general-purpose utility.

When humans are underrepresented, model de-
velopers can survey the needs of diverse popula-
tions and communities for LLMs and invite collab-
orative contributions (Feng et al., 2024a). However,
there is little to no incentive for teams behind com-
mercial state-of-the-art LLMs to take great strides
towards equitable language technologies without
obvious profitable gains.

It is important to note that these underrepresenta-
tion issues of a single LLM, especially with respect
to data and skills, are grounded in empirical evi-
dence, i.e., current state-of-the-art LLMs are suf-
fering from these challenges. There might emerge
future “perfect” algorithms/architectures/etc. that
fully address these issues, but given that multi-
LLM collaboration research is already demonstrat-
ing empirical benefits in addressing these issues,
we advocate for multi-LLM collaboration as a
promising and effective research avenue.

3 Types of Multi-LLM Collaboration
We categorize existing (often unrelated) methods
into a conceptual family of collaboration strategies,
organizing methods by (1) collaboration at differ-
ent levels of access to an LLM, as illustrated in
Figure 2, and (2) collaboration at different stages
of an LLM’s lifecycle.

3.1 Different levels of model access

API-Level As the name suggests, access to an
LLM’s API is sufficient to enable API-level col-
laboration between models. Such strategies focus
on the dynamic selection of the most cost-efficient
and high-performing model among a diverse pool
of LLMs for different inputs. Intuitively, we should
assign simpler requests to smaller (Tambon et al.,
2024), more efficient LLMs for reduced cost and
latency, and domain-specific requests to expert
LLMs for improved performance. There are two
mainstream lines of research on API-level LLM
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Figure 2: We propose a typology of multi-LLM collaboration approaches, focusing on different levels of access to
LLMs, and survey existing methods that fall into each type.

collaboration: Routing (Hu et al., 2024) and Cas-
cading (Chen et al., 2023).

Routing selects the most suitable model only
based on the input, without performing inference
on any LLM. A typical routing paradigm involves
designing a separate router model that learns from
human preferences. As a key step, preference
labels (Ong et al., 2024) that represent the rela-
tive response quality of different LLMs are col-
lected for each input. Prior work developed vari-
ous router models to learn from input–preference
pairs, including non-parametric routers like KNN-
based router (Shnitzer et al., 2023), and paramet-
ric routers like MLP- (Hu et al., 2024), encoder-
(Ding et al., 2024), and decoder-based (Ong et al.,
2024) routers. Beyond preference data, additional
information can be leveraged to assist in routing
decision-making. To select the most suitable expert
LLM, domain-specific routing strategies Lu et al.
(2023); Stripelis et al. (2024) extract key informa-
tion about the task and domain directly from the
input. Feng et al. (2024f) further introduce a hetero-
geneous graph framework to leverage contextual
interactions among tasks, queries, and LLMs.

Cascading defers the input to larger/more capa-
ble LMs when the response from the smaller LM
is not satisfactory enough. The crux of cascading
is the deferral rule to determine whether to return
the prediction or to invoke the next LLM. The pio-
neering work Frugal GPT (Chen et al., 2023) trains
a regression model that predicts a response quality
score and establishes the deferral rule by threshold-
ing the predicted score. Yue et al. (2023) presents
a consistency-based approach that estimates the re-
sponse confidence score, such that inputs with low
response confidence are deferred to the next LLM.
Gupta et al. (2024) further incorporate token-level
uncertainty into deferral rules. Cascading strate-
gies, while potentially improving overall quality by
leveraging additional signal from smaller LLMs,
often come with increased cost and latency due to
the overhead of decoding intermediate responses.

Text-Level Text-level approaches enable multi-
LLM collaboration through exchanges of generated
texts, where one LLM’s output becomes another
LLM’s input. They usually follow a conversational
setting where LLMs can “cooperate” or “compete”
with each other.

For cooperation, models can divide and con-
quer complex problems through multi-agent sys-
tems where each agent is seeded by different mod-
els/prompts (Wu et al., 2024a; Guo et al., 2024;
Wu et al., 2025); specialized models can augment
general-purpose LLMs to patch their gaps (Feng
et al., 2024a; Shen et al., 2024); one LLM can
generate feedback or perform verification for an-
other LLM’s outputs and consequently refine the
generation (Burns et al., 2024; Feng et al., 2024b).

For competition, multiple LLMs can “debate”
with each other to advance factuality and reason-
ing (Liang et al., 2023b; Du et al., 2024b). Re-
cent research also explored employing a pool of
diverse specialized LLMs to model social (Zhao
et al., 2024a) and economic (Zhao et al., 2024b)
behavior to simulate the real-world environment.

Much effort of multi-LLM collaboration re-
search currently operates at the text-level, probably
because such interaction allows for the use of APIs
in closed models, the ease of engineering to redirect
model outputs, and transparency through intermedi-
ate model outputs. However, text-level multi-LLM
collaboration also faces challenges such as error
propagation from outputs of individual models, the
lack of generalization across tasks, and the costs of
model inference for multiple LLMs.

Logit-Level LLMs may also collaborate by
jointly contributing to each next-token prediction.
In this case, the logit-level predictions of multi-
ple LLMs are combined via arithmetic to create a
single next-token logit distribution. This approach
uses other LLMs as “experts” and/or “anti-experts”,
whose predictions are additively or negatively com-
bined in the prediction (Liu et al., 2021).
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Using an anti-expert achieves the effect of steer-
ing away from the preferences of that model, and
is also known as contrastive decoding (Li et al.,
2023). For instance, the anti-expert may be an
LLM tuned explicitly to be toxic (Liu et al., 2021),
to achieve safer generations, or a smaller LLM (Li
et al., 2023), to avoid the pitfalls of weaker LMs
for better open-ended generation. In fact, the anti-
expert does not need to be a distinct LLM, and can
instead be the result of ablating some part of the
current LLM, e.g., by withholding necessary con-
text (Pei et al., 2023; Sennrich et al., 2024; Leng
et al., 2024; Shi et al., 2024b) or early-exiting from
an earlier layer of the transformer model (Gera
et al., 2023; Chuang et al., 2024).

On the other hand, using multiple expert LLMs
combines their predictions in a product-of-experts
fashion. Intuitively, this leads to next-token pre-
dictions that are high-probability under all LLMs.
This has been used to achieve decoding-time adap-
tation of LLMs using small tuned experts with a
large pretrained LLM (Liu et al., 2024; Mitchell
et al., 2024), allowing for on-the-fly customization
of the weights of multiple finetuning objectives
(Shi et al., 2024a).

The weights assigned to experts and anti-experts
may also be automatically determined at each step
(Mavromatis et al., 2024; Fan et al., 2024; Du et al.,
2024a). At the extreme, this takes the form of
token-level routing (Shen et al., 2024).

Weight-Level The collaboration of multiple
LLMs through parameter-level collaboration has
been explored using paradigms such as mixtures
of feed-forward layers (Sukhbaatar et al., 2024),
adapters (Wang et al., 2022b; Pfeiffer et al., 2020),
and low-rank adaptation (LoRA) experts (Wu et al.,
2024b). In this paradigm, components like feed-
forward layers and adapters are first trained inde-
pendently on domain-specific or task-specific data
to achieve specialization. Subsequently, in a com-
bination stage, these independently trained mod-
ules are jointly optimized to collaborate effectively,
creating a unified system that benefits from the
specialized expertise of each component.

This framework supports collaboration across
varying levels of input granularity the way experts
are selected and aggregated. For example, some ap-
proaches dynamically select modules for individual
tokens (Vaswani, 2017; Houlsby et al., 2019; Pfeif-
fer et al., 2020; Belofsky, 2023; Wu et al., 2024b;
Sukhbaatar et al., 2024), enabling fine-grained ex-

pertise sharing. Others perform collaboration at the
sentence level (Diao et al., 2023; Xu et al., 2023),
where different input sentences activate different
modules. At the task level, methods such as Chi-
ang et al. (2024a) assign a single expert model to
all examples from a particular task. Weight-level
collaboration typically allows for deeper integra-
tion of experts by enabling routing decisions at
each layer where modules are inserted, offering
greater flexibility and adaptability to diverse tasks
and data.

Another line of weight-level collaboration re-
search is the merging/composition of model
weights across multiple LLMs. These approaches
mainly vary by data dependency, i.e., how much
task-specific data is required to compose and adapt
models. Zero-shot model composition approaches
rely on heuristics about model weights (Yu et al.,
2024; Yadav et al., 2024b) or task arithmetic (Il-
harco et al., 2023) to produce composed models
and advance generalization without access to task
data. Given a small set of task data, dynamic com-
position approaches optimize the model composi-
tion based on performance and metrics on the task
data (Huang et al., 2023) with perplexity heuristics
(Mavromatis et al., 2024) and evolutionary algo-
rithms (Feng et al., 2024e). If supervised data is
abundant, learn-to-fuse approaches design train-
able modules (Bansal et al., 2024), adapters (Wang
et al., 2024), or even LLMs (Jiang et al., 2023a)
to “glue” multiple LLMs together: the compo-
nent LLMs are often kept frozen while the train-
able parts go through supervised fine-tuning from
scratch. Weight-level approaches offer a spectrum
of solutions based on data availability, and the
many-to-one setup offers reduced inference costs.
However, weight-level approaches are less inter-
pretable in how model expertise is composed and
do not tap into the power of collaborative genera-
tion like text- or logit-level approaches.

3.2 Different stages of LLM development
We can also categorize multi-LLM collaboration
approaches by the three stages of the LLM life-
cycle: (pre)training, post-training, and inference.
Pretraining-time approaches focus on partitioning
LLM training data (Gururangan et al., 2023) and
training multiple specialized LLMs separately (Li
et al., 2022) or at the same time (Devvrit et al.,
2024). Post-training approaches explore collabora-
tive alignment with modular reward models (Jang
et al., 2023), multi-LLM self-alignment (Feng et al.,
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2024d), or constructing synthetic supervised fine-
tuning data through multi-LLM debate (Subrama-
niam et al., 2024, 2025). The vast majority of
multi-LLM collaboration approaches currently op-
erate at inference time, offering diverse ways of
reusing existing models spanning all four collab-
oration levels (Hu et al., 2024; Du et al., 2024b;
Liu et al., 2024). In general, weight-level methods
often require more (pre)training and post-training
efforts, while API-level/logit-level collaborations
focus more on inference-time solutions.

By conceptually structuring and organizing these
(originally unrelated) methods into a family of ap-
proaches, we argue that multi-LLM collaboration
research offers flexible methodologies for any level
of model access across all stages in the LLM lifecy-
cle, providing an alternative and promising school
of thought to advance language technologies.

4 The Promise of Multi-LLM
Collaboration

Multi-LLM collaboration systems offer unique ad-
vantages over single general-purpose models: we
summarize the methodological and empirical bene-
fits of existing multi-LLM proposals in this section.

Factuality and reliability Despite prior efforts
(Shi et al., 2023; Press et al., 2022; Feng et al.,
2023b) to expand the knowledge of LLMs, knowl-
edge gaps—missing or outdated information in
LLMs—may persist due to the evolving nature
of knowledge, presenting challenges to reliability.
Self-reflection (Wang et al., 2022a; Xu et al., 2024;
Shinn et al., 2024; Madaan et al., 2024), where a
single LLM critically evaluates its own generations,
is used in decoding, confidence calibration, and in-
ference to improve factual accuracy and mitigate
hallucinations. However, this suffers from confir-
mation biases (Ji et al., 2023) and relies on the
assumption that LLMs can generate novel reflec-
tions from their initial outputs (Liang et al., 2023b).
Recent studies address these issues by promoting
collaboration among multiple LLMs. With distinct
knowledge coverage, LLMs evaluate and reflect
on each other’s outputs, collaboratively probing
and identifying the knowledge gaps of each other.
Specifically, Feng et al. (2024c) enable robust LLM
abstention through multi-LLM collaboration to re-
flect on generated text in cooperative or competi-
tive settings. Cohen et al. (2023) employs cross-
examination to detect errors in LLM generations.
Other studies (Liang et al., 2023b; Du et al., 2024b)

suggest that multiple LLMs could propose and de-
bate their individual responses and reasoning pro-
cesses over multiple rounds to arrive at a common
final answer, and LLMs with comparable abilities
have been shown to demonstrate such collabora-
tive spirit (Xiong et al., 2023). Given its superior
performance in various settings, we believe that
multi-LLM collaboration offers a promising way
to further improve the factual validity of generated
context and reduce fallacious answers and halluci-
nations that contemporary models are prone to.

Alignment and pluralism State-of-the-art
LLMs are documented with all kinds of cultural
(Naous et al., 2023), political (Santurkar et al.,
2023), and broadly social biases (Kumar et al.,
2023). This comes with the fact that these models
have already seen “diverse” web data that should
serve as a decentralized representation of real-
world diversity. Much research attributes this to
LLMs learning disproportionately from and hence
reinforcing the majority in training data (Feng
et al., 2023a; Gallegos et al., 2024), thus scaling
data diversity used in training a single LLM is not
an effective solution. We see an increasing line of
work focused on modular multi-LLM systems to
alleviate these biases, including modular plug-ins
(Feng et al., 2024d), multi-LLM as a judge
(Zhao et al., 2024a), and employing multiple and
compositional reward models (Jang et al., 2023).
Together with data-side modularity spanning
diverse communities (Kumar et al., 2024; Kirk
et al., 2024) we believe multi-LLM collaboration
offers a modular and flexible solution to addressing
the fairness and pluralism challenges of LLMs.

Efficiency The most capable LLMs at the mo-
ment often feature gargantuan sizes and pro-
hibitively high inference costs. However, not
all queries require such computation overhead:
by employing multi-LLM collaboration across
sizes/expertise the largest model doesn’t need to be
called every single time. MatFormer (Devvrit et al.,
2024) simultaneously trains modules of varying
sizes in a nested architecture and could be selec-
tively activated to result in LLMs of varying sizes
given the compute budget. Instead of training an
LLM on all the data, approaches such as Branch-
Train-Merge (Li et al., 2022) leverage the modu-
larity of data provenance to train a pool of LLM
experts and dynamically aggregated for inference.
A growing line of research also investigates defer
and backoff behavior between models of varying
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sizes and/or specialization (Shen et al., 2024; Jung
et al., 2024). These approaches highlight multi-
LLM collaboration as a promising direction to bal-
ance utility and training/inference efficiency.

Adaptation Training a gigantic LLM and re-
purposing it with prompt engineering is the most
popular status quo of LLM research and applica-
tions. However, one gigantic model is prohibitively
expensive to re-train and update, while the effec-
tiveness of prompt-based adaptation is limited and
brittle (Sprague et al., 2024). Multi-LLM collabo-
ration offers strategies for adapting language mod-
els that are lightweight and flexible: Token-level
methods pair a general-purpose LLM with special-
ized peers for collaborative generation (Shen et al.,
2024); logit-level approaches mix the logit distribu-
tions of multiple LLMs for collaborative decoding
(Liu et al., 2024); weight-level approaches flexibly
reuse and adapt existing models through weight
arithmetic (Ilharco et al., 2023; Yadav et al., 2024b;
Feng et al., 2024e). Multi-LLM collaboration of-
fers diverse and flexible solutions for adaptation
spanning varying levels of model access.

Privacy Despite the extensive effort to curate
(pre)training data, private and copyrighted data will
need to be left out for privacy, compliance, and
ethics concerns (Karamolegkou et al., 2023; Yao
et al., 2024). These data sets are nonetheless help-
ful in highly specialized or personalized contexts.
Multi-LLM offers preliminary solutions where pri-
vate/copyrighted data could be employed in a local
model at the data provenance, then interact with a
larger general-purpose model (Zhang et al., 2024).
Though it might be possible to extract private data
from the model (Carlini et al., 2021), we envision
future work on augmenting the “private” LLM
with contextual integrity guardrails (Mireshghal-
lah et al., 2024) for controllable and context-aware
information sharing (Ye et al., 2024a,b).

Democratization and collaborative development
A single LLM is often trained by only a team of
researchers and engineers, struggling to reflect the
diversity of real-world LLM users. The priorities
of long-tail and underprivileged users are often not
incorporated when making decisions about model
training and alignment. On the contrary, multi-
LLM collaboration uniquely enables decentralized
and collaborative development: all stakeholders
in LLM development and applications could con-
tribute models based on their needs, priorities, and

compute budgets, then composed through various
levels of multi-LLM collaboration protocols (§3).
In this way, we democratize language technologies
through participatory and collaborative develop-
ment where everyone is welcome.

5 Limitations and Future Directions for
Multi-LLM Collaboration

We identify various limitations of existing collabo-
ration systems and motivate future work.

Theories of human communication While the
status quo focuses on developing a single general-
purpose LLM, there is no “general-purpose” hu-
man, but specialized individuals collaborating
through communication protocols for collective
intelligence (Hutchins, 2000). We argue that future
multi-LLM collaboration research could benefit
from cognitive science and communications theo-
ries, designing social science-inspired protocols for
multiple LLMs to compose and collaborate.

Encapsulation and handoff Another interesting
challenge in multi-LLM collaboration is the ab-
sence of clear handoff boundaries. In software
engineering, encapsulation serves as a cornerstone
of collaborative development by establishing well-
defined interfaces between components: modifica-
tions to one part of the codebase do not propagate
unexpected changes to others. However, cleanly
separating and containing the expertise of differ-
ent models remains an open challenge. While re-
cent work has demonstrated progress in develop-
ing modularized model components (Pfeiffer et al.,
2020; Hu et al., 2021; Yadav et al., 2024a), modi-
fications to base model weights can still introduce
unpredictable changes beyond the intended train-
ing objectives (for example, catastrophic forget-
ting (McCloskey and Cohen, 1989; Kirkpatrick
et al., 2017)). Developing reliable encapsulation
mechanisms can ensure robust and predictable
model composition, and could be a critical step
to achieve the vision for “building LMs like open-
source software” (Raffel, 2021).

Compatibility with the status quo Despite the
active research in multi-LLM collaboration, there
is limited uptake in large-scale and industry set-
tings beyond academic papers. One reason could
be that many existing approaches require the train-
ing/development of extra modules such as gates
and routers (Jiang et al., 2023a; Muqeeth et al.,
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2024), while most open-source activities only fea-
ture the sharing of model weights. We thus argue
that future protocols should be compatible with the
status quo of model sharing by employing no extra
step beyond using model checkpoints.

Interpretability insights Interpretability tech-
niques unveil the mechanisms underlying LMs for
reasoning (Stolfo et al., 2023), factual association
(Meng et al., 2022), and more (Nanda et al., 2023).
The interpretability insights enable localized ma-
nipulation of sub-modules for efficient enhance-
ment (Yin et al., 2024), thereby facilitating the po-
tential for lightweight model collaboration. More-
over, while diverse LMs may exhibit similar or
distinct mechanisms for comparable tasks, the re-
liability of their capability beyond memorization
varies (Yang et al., 2024). Interpretability tools of-
fer insights into determining the fitting contribution
of each component model in collaboration.

Cost The cost of model collaboration varies
across collaboration levels (Figure 2). Generally,
the inference cost follows text-level > logit-level >
API-level > weight-level. Text-level collaboration
is the most expensive since multiple models gen-
erate text depending on the output of each other:
this increases latency and memory usage, but the
collaboration of distinct models is very helpful
in agent/compositional problem solving. Weight-
level collaboration is the least expensive since mul-
tiple models are usually composed into one output
model for deployment and inference. Multi-LLM
collaboration offers a wide spectrum of technical
approaches to choose from based on computing
constraints, while we envision future work on re-
ducing the cost of model collaboration.

Evaluating multi-LLM collaboration Research
on modular and multi-LLM systems has not yet
devised an agreed-upon evaluation methodology.
Most of the existing work resorts to evaluation with
tasks and datasets typical for a single LLM. Future
work could explore specifically evaluating multi-
LLM collaboration, designing tasks and datasets
where multiple models are evaluated in collabora-
tion, e.g., ablating by withholding copyright data
(Min et al., 2024), or evaluating multi-agent collab-
oration where multiple models divide and conquer
complex problems (Guo et al., 2024).

Democratizing ways of contribution While we
hope that collaborative and participatory contri-
butions to multi-LLM systems could alleviate the

underrepresentation of people, not everyone knows
how to train an LLM. This is especially true for
the already underrepresented and underprivileged
(Kirk et al., 2024), thus the benefits of collaboration
will not reach them if we expect users to train and
contribute models on their own. Thus, we argue
that we should lower the barrier of contribution:
for example, by designing an agent framework that
solicits user feedback in natural language, fetches
data, trains models, generates synthetic data to eval-
uate, and finally pushes the model and contributes.
In this way, users only need to provide a few sen-
tences of feedback about the gaps in existing LLMs,
and a new component LLM could be developed and
contributed on their behalf.

6 Related Work

Two recent position papers discuss related topics.
Yadav et al. (2024a) present a taxonomy of

model merging and MoE approaches, arguing for
reusing and routing of existing expert models. They
focus primarily on weight-level collaboration ap-
proaches, while we aggregate a broader family of
methods with a broader definition of multi-LLM col-
laboration where models could collaborate through
four different levels of information exchange.

Du and Kaelbling (2024) present a position pa-
per arguing for compositional generative modeling,
discussing the benefits of combining multiple mod-
ules across computer vision, reinforcement learn-
ing, robotics, and a brief mention of language. We
focus on language models and dive deep into LLM-
specific arguments, methods, and future research.

7 Conclusion

We argue that one LLM is not enough and advocate
for multi-LLM collaboration to better represent di-
verse data distributions, heterogeneous skills, and
pluralistic populations. We propose a hierarchy
of existing multi-LLM collaboration approaches
based on information exchange levels, spanning
API-level, text-level, logit-level, and weight-level
collaboration. We then summarize the benefits of
existing multi-LLM systems over a single model
and discuss the limitations of existing methods to
motivate future work. We envision multi-LLM
collaboration as a viable path to compositional in-
telligence and an important initiative toward col-
laborative AI development.
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Limitations

As a position paper, we discuss the limitations of
existing multi-LLM collaboration approaches in
Section 5 and motivate future work that addresses
these limitations. We also identify two alternative
positions to ours and discuss them in Appendix A.
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A Alternative Views

We identify two alternative views to our position.
We could patch the underrepresentations of data,

skills, and people by further augmenting a single
model. While existing band-aid approaches such
as LoRA fine-tuning (Hu et al., 2021) or retrieval
augmented generation (RAG) (Shi et al., 2023;
Jiang et al., 2023b; Asai et al., 2024) patch the
gaps in data and skills to some extent, we present
empirical evidence of their limitations in Section
2, suffering from challenges such as privacy and
copyright, catastrophic forgetting, lack of partici-
pation, and more. Further fine-tuning with LoRA
could patch the gap of skills, but it risks jeopar-
dizing the general-purposeness and leads to trade-
offs of existing skills (Kirkpatrick et al., 2017);
retrieval could provide new information and data
to improve reliability, but there is no guarantee
that LLMs would fully leverage the retrieved con-
text (Shi et al., 2024b). While it is not impossible
that with future progress a single LLM could offer
perfect representations, we argue that multi-LLM
collaboration offers a more concrete and actionable
roadmap to advance language technologies, and a
more efficient one, as it reuses developments made
so far.

We could enable collaboration through a single
model. It is theoretically possible to collaborate in
the development lifecycle of a single model. Differ-
ent communities could contribute heterogeneous
data to be combined for training a single model;
different engineering teams could train part of the
model architecture for later merging; different users
could annotate diverse alignment preferences to
jointly align an LLM. We argue that while they are
all possible, it is more natural to collaborate on
the level of models since 1) model sharing is the
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default open-source activity, 2) there are already
2,134,229 LLMs2 openly available for collabora-
tion, and 3) the companies that have the resource to
carry out these protocols are incentivized to not go
open about development of their LLM for competi-
tive advantage. We envision multi-LLM collabora-
tion as a promising path to reuse existing models,
promote collaborative development, and advance
compositional intelligence.

2Huggingface accessed on Oct 4, 2025.

17063


