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Abstract

Alignment of Large Language models (LLMs) is crucial for safe and trustworthy
deployment in applications. Reinforcement learning from human feedback (RLHF)
has emerged as an effective technique to align LLMs to human preferences, and
broader utilities, but it requires updating billions of model parameters which is com-
putationally expensive. Controlled Decoding, by contrast, provides a mechanism
for aligning a model at inference time without retraining. However, single-agent
decoding approaches often struggle to adapt to diverse tasks due to the complexity
and variability inherent in these tasks. To strengthen the test-time performance
w.r.t the target task, we propose a mixture of agents-based decoding strategies
leveraging the existing off-the-shelf aligned LLM policies. Treating each prior
policy as an agent in the spirit of mixture of agent collaboration, we develop a
decoding method that allows for inference-time alignment through a token-level
selection strategy among multiple agents. For each token, the most suitable LLM is
dynamically chosen from a pool of models based on a long-term utility metric. This
policy-switching mechanism ensures optimal model selection at each step, enabling
efficient collaboration and alignment among LLMs during decoding. Theoretical
analysis of our proposed algorithm establishes optimal performance with respect to
the target task represented via a target reward, for the given off-the-shelf models.
We conduct comprehensive empirical evaluations with open-source aligned models
on diverse tasks and preferences, which demonstrates the merits of this approach
over single-agent decoding baselines. Notably, Collab surpasses the current SoTA
decoding strategy, achieving an improvement of up to 1.56x in average reward and
71.89% in GPT-4 based win-tie rate.

1 Introduction

Large language models (and generative models) excel at generating coherent and realistic text, but
many text generation tasks require outputs that not only preserve fluency but also require satisfying
constraints, such as factual accuracy (Wang et al., 2024), knowledge grounding (Liang et al., 2024),
adherence to safety guidelines (Dong et al., 2024; Xie et al., 2024), or task and domain-specific
objectives (Jeong, 2024). Ensuring personalized or task-specific alignment in LLMs requires fine-
tuning them for specialized objectives. Alignment approaches like reinforcement learning from human
feedback (RLHF) (Ouyang et al., 2022; Stiennon et al., 2022; Ziegler et al., 2020; Yuan et al., 2023;
Chakraborty et al., 2024c) have shown efficiency in aligning generative models with human and
task-specific preferences. However, fine-tuning billions of parameters with RLHF is computationally
intensive and becomes impractical in the context of personalized or highly specialized alignment.
Controlled Decoding (Mudgal et al., 2024) aims to address this challenge by providing a training-
free inference-time framework that allows models to be aligned with target preferences and tasks
without requiring the retraining of billions of model parameters. Recent works (Mudgal et al., 2024;
Khanov et al., 2024; Chakraborty et al., 2024b) have demonstrated that inference-time alignment
can significantly enhance the ability of large language models to meet task-specific and personalized
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requirements, even improving the fine-tuning based algorithms (Khanov et al., 2024; Mudgal et al.,
2024; Chakraborty et al., 2024b). These methods, while effective for single-agent decoding, are limited
when it comes to handling diverse or conflicting task requirements, as they struggle to generalize
across tasks that demand fundamentally diverse or specialized capabilities.

Figure 1: The figure illustrates the optimal coordination between agents for response generation via
switching, where Agent1 is a ChatAgent and Agent2 is a Chemical-Expert. In this collaborative
response, the agents are switching smoothly at the word and phrase level to deliver a more detailed
and complete response than they could individually. The switching demonstrates how both agents
complement each other in explaining the complex process.
Limitation with Single agent decoding: The performance of single-agent decoding approaches
often struggles to adapt to diverse tasks due to the complexity and variability inherent in these tasks
and also due to their over-reliance on the training task distribution. Specialized tasks may demand
conflicting capabilities: for example, one task might require fact-based grounding, such as retrieval or
summarization, where accuracy and precision are critical, while another may involve creative outputs
like writing poetry or fiction, where imagination and stylistic freedom are more important These
conflicting demands make it difficult for a single-agent decoding method to generalize effectively and
meet the distinct requirements of both fact-driven and creative tasks simultaneously.

Challenges in Multiagent Decoding for Alignment: A straightforward solution to the above chal-
lenges is to leverage multiple existing off-the-shelf LLMs, each specializing in different tasks and
domains, to collaborate efficiently during inference. However, a key challenge lies in efficiently com-
bining these LLMs in a tuning-free manner without requiring retraining for each new task. Current
methods that attempt to integrate multiple LLMs often rely on weak supervision or explicit formulas
for mixing model outputs (Shen et al., 2024; Jin et al., 2024; Yang & Klein, 2021; Liu et al., 2024;
Mialon et al., 2023), but these approaches lack the flexibility to adapt dynamically during token-level
generation. Additionally, most prior methods rely on expert supervision to guide the combination
of logits or determine when to leverage other LLMs, which can be restrictive. Moreover, many
existing approaches require some form of training to integrate multiple LLMs, a process that can
be expensive or infeasible when access is limited. To the best of our knowledge, none of the prior
decoding alignment methods have thoroughly explored the optimal selection of specialized agents
during inference, which requires defining a principal metric for selection. Thus we ask the question.

Recent methods for integrating multiple LLMs often rely on weak supervision or fixed formulas to
mix outputs, lacking flexibility for dynamic token-level generation. They typically require expert
guidance for combining logits or deciding when to leverage other models, which can be restrictive.

How can existing off-the-shelf models be optimally combined during inference to target specific tasks
without retraining, allowing for dynamic collaboration and adaptation at the token level?

Mixture of Agents based Controlled Decoding: Hence, in this work, we leverage and combine the
strengths of multiple off-the-shelf LLM models, each aligned with specialized or diverse tasks, to
enable decoding without retraining, in the spirit of a mixture of agents approach. More specifically,
each agent is aligned with specialized preferences through distinct reward functions (Ouyang et al.,
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2022; Wo¹niak et al., 2024). We propose a mixture-of-agents-based controlled decoding strategy that
aligns the �nal response to a new task without retraining via aggregating the next-token prediction
distributions from each agent during the response generation phase. However, to generate the response
optimally by combining the LLMs, it is crucial to address the question of how to design an e�ective
aggregation strategy (decoding policy) that combines the outputs from the mixture of agents.

Switching between Mixture of Agents with Q-function : To address the question of designing a
suitable decoding policy, we identify that optimal decoding is fundamentally guided by the long-term
utility with respect to a semantic reward, often characterized by the Q-function (Mudgal et al., 2024;
Chakraborty et al., 2024b). This allows us to de�ne an optimal policy by framing the decoding process
through the lens of a KL-regularized reinforcement learning problem. This framework is speci�cally
crafted to solve the alignment problem by selecting the policy for each token during decoding to be
optimal with respect to the aforementioned implicit Q function. We introduceCollab Controlled
decoding via Mixture of Agents as a potential solution for test-time collaborative alignment, with an
implicit Q-function-serving as the guiding metric for decoding. Our proposed method is grounded in
a policy-switching mechanism, where the implicit Q-function is used to optimally select the aligned
model at each time step during decoding. We de�ne the notion of the implicit Q-function within
the mixture of agents decoding algorithm and demonstrate its e�ectiveness as an optimal alignment
metric, both theoretically and empirically. We show that the implicit Q-function provides a principled
approach for selecting the model that best aligns with the target task achieving the optimal performance
possible under the given scenario. We summarize our key contributions as follows:

ˆ Mixture of Agents Decoding Strategy for Alignment We introduce a novel mixture-of-agents
decoding strategy that leverages specialized o�-the-shelf LLM agents, each aligned with a speci�c
task or reward function. Our method optimally switches between these agents during decoding to
achieve alignment with the target reward function, without requiring retraining.

ˆ Collaborative Metric for Mixture of Agent Decoding : We propose the concept of the implicit
Q-function as a guided metric to combine the mixture of agents for decoding. This metric enables an
appropriaye combination of the o�-the-shelf LLM agents during inference w.r.t the target objective.

ˆ Theoretical Characterization of COLLAB : We provide a precise theoretical characterization of our
proposed approach via analyzing the sub-optimality gap w.r.t to the target reward. We characterize
the sub-optimality of our approach w.r.t the true Q-function by upper-bounding the performance gap
through the reward di�erence between the target and best model for each token, along with the KL
divergence from the reference policy.

ˆ Experimental Evaluations: Through extensive empirical evaluations, we demonstrate that our pro-
posed decoding approach signi�cantly outperforms state-of-the-art single-agent decoding baselines
in task alignment performance, particularly in scenarios involving diverse or con�icting requirements.
We also conducted comprehensive evaluations using various metrics�including average reward,
GPT-4 win rate, coherence, and diversity�to showcase the superiority of our approach. Addition-
ally, we performed ablation studies to show that diversity among agents enhances collaborative
performance in the mixture.

2 Related Work

Alignment via �ne-tuning with reinforcement learning from human feedback (RLHF) has emerged
as a key paradigm for aligning foundation models (Ouyang et al., 2022; Chakraborty et al., 2024a;
Rafailov et al., 2023; Chakraborty et al., 2024c; Chen et al., 2024). RLHF typically operates in two
phases: �rst, a reward model is trained on human feedback, and then a policy is �ne-tuned with
reinforcement learning (PPO (Schulman et al., 2017)) using the trained reward model (Ouyang et al.,
2022; Stiennon et al., 2022; Ziegler et al., 2020; Yuan et al., 2023; Go et al., 2023; Vamplew et al.,
2018; 2008). Direct preference optimization seeks to stabilize the training of preference alignment
through reductions to supervised learning training (Rafailov et al., 2023). Although these training
methods have proven e�ective in aligning generative models, they remain computationally demanding
and assume white-box access to the model parameters which is not true in many industry applications.

On the other hand, decoding-based methods (Mudgal et al., 2024; Chakraborty et al., 2024b) have
emerged as an alternate way of alignment without �ne-tuning the model parameters. Decoding
operates by altering the distribution of the generated response to align to the target preference directly
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without updating the parameters of the LLM. The work by (Mudgal et al., 2024) is one of the �rst to
integrate the alignment procedure directly into the decoding process, where they propose adjusting
the generation probabilities at each decoding step based on feedback from a reward model. (Huang
et al., 2024) rede�ned the text-generation process as a search problem, with LLMs acting as search
agents and they employ a heuristic-guided search mechanism to generate responses based on a given
prompt.The most recent research around Controlled and Principled decoding (CD, TQ*) formulates
the decoding problem as a KL regularized reinforcement learning problem and obtains a closed-form
solution with an estimate ofQ� for decoding. However, the majority of these prior approaches are
inherently single-agent alignment strategies and lack the ability to leverage the strengths of diverse
agents in limiting their e�ectiveness in complex, multi-faceted tasks. Recent methods attempt to
integrate multiple LLMs either rely on weak supervision or explicit formulas for combining model
responses (Shen et al., 2024; Jin et al., 2024; Yang & Klein, 2021; Liu et al., 2024; Mialon et al.,
2023), which might be restrictive.

3 Problem Formulation: Collaborative Multiagent Decoding

3.1 Problem Definition

Task and Preference Representation with Target Reward Function: To address the problem of
optimal response generation, we �rst de�ne the framework around a specialized target score or reward
functionr targetwhich serves as the key objective guiding response generation. The reward function
r targetencapsulates a wide range of tasks and objectives, thereby allowing for �exibility and adaptability.
These can include:1. Personalized alignment:r target can be tailored to individual preferences or
specialized tasks, ensuring personalized responses that align with user-speci�c goals,2. Rules-based
approaches:Various rules or heuristics used in specialized contexts can be represented as constraints
or structured forms of the reward function, making it possible to enforce domain-speci�c guidelines,
3. Supervised signals:Any supervised learning signals or labels provided during training can be
mapped as rewards, allowing the learning system to directly optimize for them,4. Open-source reward
models:Many publicly available reward models that have been �ne-tuned for speci�c objectives can
be expressed underr target broadening the applicability across multiple domains. By casting these
diverse objectives within the framework of a reward function, we ensure that the system is capable of
handling a variety of alignment and optimization tasks through the target reward function.

Response Generation Under Specialized Reward Functions:Given a target reward function, the
challenge lies in determining the optimal way to generate a response from the LLM agent and it
becomes especially di�cult when the target reward signi�cantly deviates from the reward associated
with the aligned policy. Single-agent systems often struggle with adapting to diverse tasks, primarily
due to: (1) Task Complexity and Variability: Tasks di�er signi�cantly in their structure and
requirements; for example, one task might require generating long-form responses, while another
might favor brevity. Similarly, some tasks might demand reasoning suited to an expert audience,
such as PhD-level logic, while others might need responses tailored to general understanding (Jang
et al., 2023; Wo¹niak et al., 2024)(2) Training Task Over-reliance: Single agent alignment methods
often over�t to the distribution of training tasks or reward function, leading to reward over�tting or
overoptimization (Gao et al., 2023; 2022; Zhu et al., 2024) resulting in limited generalization to target
reward and tasks.

Mixtue of Agents for Alignment : However, we note that there are already existing available o�-the
shelf LLM policies aligned to a diverse of set of tasks (Lambert et al., 2024; Jang et al., 2023; Wo¹niak
et al., 2024). Hence, to address these limitations, we leverage the set of already available specialized
LLM policies represented as� = f � 1; � 2 � � � � k g aligned to a set of tasks (or preferences) as de�ned
by speci�c reward functions belonging to setR = f r 1; r 2 � � � r k g. These policies can collectively
handle a diverse range of tasks, allowing for more �exible and e�ective adaptation.

Challenge in Multiagent Decoding for Alignment: The challenge remains: the reward functions
f r 1; r 2 � � � r k g are latent and unobservable, often because they are proprietary or embedded within the
model's training data, which may not be available for external analysis. Thus, transferring e�ciently
to the target reward involves adapting the response generation process based on the information from
these pre-trained and given input models without explicit access to their internal reward functions
leading to the key questions in Multi-agent decoding for alignment.
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Key Questions in Multi-Agent Decoding: One of the key challenges when decoding with multiple
agents is determining when to switch between models and the second challenge lies in identifying the
appropriate metric to guide this decision.

Formalizing the Problem with Markov Decision Processes: We provide a formal answer to these
questions by de�ning the response generation phase with an appropriate Markov Decision Process
with a speci�c reward function, and its associated optimality criteria. Doing so is the focus of the
following subsection.

3.2 Token-level Markov Decision Process

We begin by formulating the decoding problem as a KL regularized reinforcement learning problem
(Mudgal et al., 2024; Chakraborty et al., 2024b) with the token-level MDPM := fS ; A ; P; Rg
where the state-spaceS represents the concatenated sequence of tokens and the action spaceA
representing the space of the next token i.e vocabularyV. Given a statest = [ x; y<t ] 2 S , which
is a sequence of tokens containing the prompt/queryx := f x1; x2; � � � ; xN g appended with thet
tokensy< t := f y0; y1; � � � ; yt � 1g generated so far, an LLM is a policy� that samples actions as next
sampled tokens the action (i.e., the next token)at = yt via sampling from the token-level decoding
policy yt � � (� j st ). The transitionP to the next statest + 1 is deterministic:st +1 = [ x; y< t ; yt ],
the concatenation of the current state and action. We denote the trajectory level probability by
� � (zjx) =

Q T
t =1 � (yt j[x ; y<t ]) and� � � � (�jx ) represents a sampled response/trajectory which is

a concatenation of tokens, andz is an arbitrary token.

The rewardr (s; a) : S � A ! R. To be speci�c, the action-value function associated with the reward
is then de�ned for a lengthL as

Q� (s; z) = E�

hL � 1X

t =0

r (st ; zt )
�
�
�s0 = s; z0 = z; zt � � (�j [x ; y< t ])

i

:= E� 0� � � ( �j s;z ) [r ([s; z]; � 0) j s; z] ; (1)

wheres is the state andz 2 V the action for the state and� 0 is sampled from the trajectory distribution
� � (�js; z) induced by the policy� (s; z).

3.3 Decoding Process and Controlled Decoding

In this section, we introduce the decoding process where in we have a reference policy� ref which takes
as an input the promptx 2 V N (a string of N tokens) and generates a responsey = [ y0; y1; � � � ; EOS]
token by token with a probability of each tokent is given by� (�j [x ; y � t ]). With z 2 V as a token
from vocabulary setV, the objective of LLM alignment via decoding is formally de�ned by solving
the KL regularized MDPM as

� � (�jst ) := arg max
�

Ez� � ( �j st ) [Q� (st ; z)] � � DKL
�
� (�jst )jj � ref(�jst )

�
; (2)

where we note thatst = [ x; y � t ], andQ� (st ; z) denotes the optimal state-action value function for
the token-level MDPM de�ned in the previous section. The KL constraint ensures closeness to the
reference policy� ref(�jst ), with hyperparameter� > 0. The closed-form solution of the problem as

� � (zjst ) = � ref(zjst )
exp ( 1

� Q� (st ; z))
C� (st )

; (3)

whereC� (st ) :=
P

z � ref(zjst ) exp (�Q � (st ; z)) is the normalizing constant for statest (Mudgal
et al., 2024). However, it is important to note thatQ� (st ; z) is the optimal state-action value function
and is unavailable in practice. Recent works by (Khanov et al., 2024; Chakraborty et al., 2024b; Mudgal
et al., 2024) design approximate methods to estimate thisQ function and thus adjust the probability
of the reference policy with exponential ofQ� as in equation 2 to obtain the �nal decoding policy.
Recent works have also characterized the sub-optimality of decoding under such approximations
(Chakraborty et al., 2024b). However, the entire decoding process is primarily de�ned for single-agent
systems, and in particular, a single training distribution and aligned policy. Extending this problem
class to multiple agents is the goal of this work.
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3.4 Proposed method: Mixture of Agent-based Controlled Decoding for Alignment

With the problem of sampling from a single LLM agent being well-de�ned, we now turn to the
challenge of decoding from multiple o�-the-shelf LLM policies. We introduce our proposed approach
of the mixture of agent-based controlled decoding by leveraging existing o�-the-shelf LLMs for better
generalization to target reward function. The objective is to e�ciently align to the target reward
functionr targetwith the o�-the-shelf LLM policies� = f � 1; � 2 � � � � k g to hidden reward functions
R = f r 1; r 2 � � � r k g. If we had access to the true aligned policy� �

target for the target reward function
r target, then we could have followed similar steps from prior works on decoding (Chakraborty et al.,
2024b; Mudgal et al., 2024), and decode using the �nal equation 2, where we can estimate theQ� as

Q�
target(st ; z) = E� � � � �

target
( �j st ;z ) [r target([st ; z]; � )jst ; z] (4)

where� � �
target

is the corresponding trajectory level policy (joint-distribution) under the target reward
functionr target, de�ned in Section 3.2. However, as previously mentioned,� �

target is unavailable for
the target rewardr target. Thus our proposed approach focuses on designing a collaborative strategy
to leverage existing o�-the-shelf LLMs policies� = f � 1; � 2 � � � � k g to decode to the target reward
r target. Thus, one may not conduct a general policy search, but instead restrict focus to a feasible set of
prior models� , formalized as:

� � (�jst ) := arg max
� 2 �

Ez� � ( �j st )
�
Q�

target(st ; z)
�

� � DKL
�
� (�jst )jj � ref(�jst )

�
; (5)

where, the KL-regularized RL problem for each token is de�ned over the constrained set� 2 � ,
� ref is the reference policyQ�

target(st ; z) is the long-term action-value function for that corresponding
policy, given as

Q� j
target(st ; z) = E� � � � j ( �j st ;z ) [r target([st ; z]; � )] (6)

For simplicity of notations, we denote the objective for thej th agent asJ � j
target(st ; z) = Q� j

target(st ; z) �
�KL (� j (�js); � ref(�js)) . Thus, for each statest = [ x; y< t ], wherex is the prompt andy< t
is the sequence of tokens till timet, the optimal choice of the next token is given asz� :=
arg maxz maxj J � j

target(st ; z). A detailed description of our policy switching algorithm is presented in
algorithm 1 and discussed in the next section.

Mixture of Agents-based Decoding via Switching:Our proposed mixture of agents-based decoding
approach induces a policy-switching mechanism among the individual LLM agents at each statest ,
aimed at generating a �nal response aligned with the target rewardr target. For each statest = [ x; y<t ]
our approach identi�es the optimal LLM agent for decoding based on the maximum value of the
long-term metricJ � j

target(st ; z) which we denote as the implicit Q-function. Subsequently, it selects
the tokenyt = z generated using that agent based on our algorithm's decoding policy as

� alg 2 arg max
z

max
j

J � j
target(st ; z) (7)

This token is then concatenated with the previously generated response, forming the next state
st +1 = st [ yt which is subsequently used as a prompt for all agents for the next time steps. Thus, the
mixture of agents implicitly collaborates, with each agent conditioned on prompts generated through
a policy switching mechanism (see Sec.F). This dynamic interaction yields an improved response,
better aligned with the target rewardr target. We present the detailed �ow of our proposed approach in
algorithm 1.

4 Theoretical Analysis of Mixture of Agents Decoding for Alignment

In this section, we analyze the sub-optimality gap of our proposed Collaborative mixture of agent
decoding strategy w.r.t the target reward functionsr target. We quantify sub-optimality of a decoding
method� w.r.t the long-term action-valueQ function for the target reward.

�( � ) = Q� �

target(st ; z) � Q�
target(st ; z) (8)

where� � represents the optimal policy under the target reward functionr targetand� is an arbitrary
decoding policy induced. Subsequently we study equation 8 when decoding according to� = � alg as
de�ned in Algorithm 1.
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Algorithm 1 Mixture of Agents based Controlled Decoding for LLM Alignment

Input: Set of LLM policies� = f � 1; � 2 � � � � K g aligned to a diverse set of latent reward functions,
target reward functionr target, dataset of promptsx 2 D, decoding parameter� , vocabulary setV
for t = 0 ; : : : ; T do

Current state: st = [ x; y< t ], with promptx and prior token sequencey< t =[ y0; y1; � � � ; yt � 1]
for i = 1 ; : : : ; K do

Sampletop-p tokens usingi th aligned policy� i and store asVi = f zi
p : zi

p � � i (�jst )g
p
p=1

for z 2 V i do
Evaluate the implicit Q-function for thei th policy J � i

target(st ; z) using equation 5
Estimate the best token for thei th policy aszi

max = arg max z2V i J � i
target(st ; z)

Selectzmax = arg max i J � i
target(st ; zi

max)
Next Token: yt +1  zmax
Next State: st + 1  [st ; yt +1 ]

Return: y � = [ y�
0 ; : : : ; y�

T ]

Example of response generated using di�erent strategies

Prompt:
Human: 10+10+10-30 equals what
Assistant: you're missing a positive sign... the result is positive.
Human: No, it's a math equation. Let's try it another way. What is 10 plus 10 plus 10 minus 30?
Assistant:

Agent-I: 10 + 10 + 10 - 30 equals -10, because the positive numbers add up to 30, and then you're
subtracting 30, which leaves you with the negative result of -10. If you meant to add the numbers before
subtracting, then the result would be 30, as you have 30 after adding 10, 10, and 10, and before the
subtraction of 30.

Agent-II: 10 + 10 + 10 - 30 equals -10. Because when you add 10, 10, and 10, you get 30. Then, when
you subtract 30, you get -10. It's like you're taking 30 away from a balance, and you end up in the
negative.

BoN Sampling: This question has three separate elements. 10+10+10 is 100, and -30 is -30. The entire
question can be expressed as 100 - 30.

Collab (Ours): 10 + 10 + 10 - 30 = 30 - 30 = 0, Explanation: To evaluate the expression, perform the
addition and subtraction in order from left to right: 1. Add 10 and 10 to get 20: 10 + 10 = 20, 2. Add 10
to the previous sum: 20 + 10 = 30

Theorem 1(Sub-optimality Bound of Multi-Agent Decoding Algorithm). Let � = f � 1; � 2; : : : ; � K g
be a set of pre-trained policies, each aligned to a latent reward functionr j , and� alg be the policy
obtained by the multi-agent decoding strategy. Assume that the optimal policy for the target reward
functionr � is � � . Then, the sub-optimality of the multi-agent decoding policy� alg with respect to the
optimal policy� � is bounded by:

�( � alg) � min
j 2 K

� � j + �KL (� j (�jst ); � ref(�jst ))] + �KL (� � �
(�jst ); � ref(�jst )) (9)

where� � j = max � jr target([st ; z]; � ) � r j ([st ; z]; � )j, �; � > 0 are regularization constants for the
KL-divergence terms to ensure closeness to the reference policy at the token and trajectory level,� � j
represents the di�erence between the target reward function and the reward function of the closest to
the target.KL (� (�js); � ref(�js) represents the KL-divergence between policy� and the supervised
�ne-tuned policy� ref

Theoretical Insights and Key Remarks : The sub-optimality gap is expressed in terms of the
di�erence between the target reward function and the reward function of the best model in our
policy set (closest tor target) � � j for each tokenst and the sum of KL divergences w.r.t the reference
policy at the token and trajectory level. The sub-optimality gap thus guarantees that the performance
of our multi-agent decoding strategy will improve over the best-performing policy (closest to the
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Table 1: GPT-4 Based Evaluation.We prompt GPT-4 to rate responses from various decoding
strategies on relevance, accuracy, and insightfulness, scoring them from 1 to 10. A higher win-tie
percentage indicates our method's e�ectiveness in generating contextually relevant and accurate
responses.

Ours vs. Methods
Win-Tie (%) "

Task-I Task-II

Evaluation-1 Evaluation-2 Evaluation-3 Evaluation-4 Evaluation-5 Evaluation-6 Evaluation-7

Collab Agent-I 70.78 71.89 69.38 60.00 57.14 64.28 59.42
Collab Agent-II 67.41 63.56 55.10 65.00 58.69 61.05 71.92
Collab BoN Sampling 68.54 69.24 61.22 66.32 50.00 73.75 65.00

target LLM policy) from our policy set, under the assumptions. The gap decreases as� � j becomes
smaller, meaning that the reward function of the best LLM agent in the set closely aligns with
the target reward. Furthermore, by adjusting the regularization constants�; � we can control the
trade-o� between closeness to the reference policy and distance from the optimal policy. The term
�KL (� � �

(�jst ); � ref(�jst )) is constant and independent ofj quanti�es the divergence between the
optimal policy and the reference policy, which is lower in two cases 1)� is small and 2) when the
reference policy is closer to the optimal policy. Thus, the sub-optimality gap will be lower when the
best agent's reward function is close to the target reward function, and when the regularization terms
are properly controlled to maintain proximity to both the reference policy and the optimal policy.
In contrast to prior results in decoding and alignment (Rafailov et al., 2023; Mudgal et al., 2024;
Chakraborty et al., 2024b), we mainly incur an additional term� � j in the upper bound. However, as
discussed prior alignment approaches either require �ne-tuning billion parameters ((Rafailov et al.,
2023)) for each newr targetwhich is expensive, or access to an aligned policy underr target (decoding
(Mudgal et al., 2024)) which might be unavailable. Thus in the absence of the aligned policy to the
target reward, there will be a persistent gapjr j � r targetj for single agent decoding, which is improved
using the diverse mixture of agents.

5 Experimental Evaluations

In this section, we present a comprehensive empirical analysis of our proposed framework, tested
across various open-source datasets and state-of-the-art models (Lambert et al., 2024). Our �ndings
demonstrateCollab 's e�ectiveness in aligning language model outputs with speci�c target rewards.
For implementation, we set the number of tokens sampled (top-p)p = 10 and the decoding alignment
parameter� = 1 . Reproducibility is ensured through the use of publicly available resources.

Experiment Setup: To demonstrate the e�cacy of our proposed multi-agent decoding framework
Collab , we utilize several open-source LLMs �ne-tuned on distinct and diverse capabilities, as
detailed in Table 3. Our multi-agent decoding framework is evaluated across7 distinct setups, as
illustrated in Table 3:

1. Evaluation-1 to Evaluation-4 (Task-I): For this task, we utilize the Berkeley Nectar dataset (Zhu
et al., 2023) to test the agent's capacity for multi-turn dialogues and question answering.

2. Evaluation-5 to Evaluation-7 (Task-II): We employ the HH-RLHF dataset (Bai et al., 2022) to assess
the agent's helpfulness and ethical alignment in response generation.

Evaluation Methodology & Metrics. For evaluation, we compare the performance of the response
generated by the language model corresponding to each prompt in the test dataset. Following (Khanov
et al., 2024; Chakraborty et al., 2024b), we limit the maximum length of the prompt and generated
continuation to128 and2048 tokens, respectively. For all baselines, we utilize a greedy-based
sampling method. The quality of the generated responses is assessed based on:

ˆ Average Reward: We report the mean of the rewards for generations corresponding to all prompts
in the test set. A higher mean reward score signi�es that the model's outputs are better aligned with
the attributes represented in the target reward model.
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