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Abstract

Large Language Models (LLMs) have demon-
strated remarkable capabilities in multi-agent
collaborative problem-solving, albeit a gap ex-
ists. Existing frameworks predominantly rely
on natural language as a primary representation
for agentic communication. However, natural
language could be ambiguous, biased and ver-
bose. Furthermore, recent works have shown
that alternative representations can enhance per-
formance in LLMs on certain tasks. However,
current approaches lack the intelligence neces-
sary to understand, learn or apply optimal com-
munication representations adaptively. In this
paper, we propose to dynamically learn the opti-
mal message representations to enhance agentic
performance. We model the optimization prob-
lem as an Expanding Markov Decision Process
(EMDP) and propose our method named OPTi-
MACS. We evaluate our system across bench-
mark datasets of collaborative problem-solving.
The results show significant performance im-
provements while maintaining efficiency. Our
work bridges the gap between rigid communica-
tion protocols and open-ended natural language
by providing an adaptive framework that learns
task-aware structural representations.

1 Introduction

Communication is essential among humans and
forms the very fabric of society. Along with nat-
ural language, we convey information using ges-
tures, mathematical expressions, multimedia, etc.
Depending on the task, different forms of commu-
nication are important to accomplish the end goal
in an effective and efficient manner. For example,
in a driving scenario, the vehicles and the traffic
system efficiently coordinate primarily by visual
means using colored lights, signs, markers, etc.
rather than relying solely on natural language (NL).
In the realm of human-computer interaction, tradi-
tional forms of communication primarily consisted
of user commands (using text, touch, gestures) that

Figure 1: In agentic systems, optimal message represen-
tations (JSON, proposition, code etc.) enable agents to
collaborate more effectively, reduce ambiguity, bias, pre-
vent error propagation and improve task performance.

perform desired action through APIs encoded in
high or low level machine instructions. Lately, with
the advent of Large Language Models (LLMs), nat-
ural language has become the dominant mode of
communication, between LLM and human agents,
and between LLM agents. This prevalence extends
to multi-agent systems, where specialized agents
collaborate through natural language exchanges
to solve complex tasks (Li et al., 2023; Wu et al.,
2023; Park et al., 2023). But one question naturally
arises, even among text-based agents, whether nat-
ural language in general is the best representation
of communication to solve a given task of varying
complexity and nature (cf. fig. 1)?

Recent advances in LLM reasoning have chal-
lenged the assumption that natural language repre-
sents the optimal intermediate representation for
cognitive processes. Many works such as Program-
of-Thought (Chen et al., 2022), X-of-Thought
(Ding et al., 2024), PLaG (Lin et al., 2024) have
demonstrated that alternative structured representa-
tions can enhance reasoning and decision-making
capabilities. This ineffectiveness of using NL is
compounded in multi-agent settings where multiple
LLM agents are involved and pass messages using
natural language as the de facto mode. In this vein,
recent research (Chen et al., 2024) suggests that
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employing non-natural language as intermediate
formats can help achieve improvements in reason-
ing performance during agentic communication.

Despite the promising developments in literature,
current single and multi-agent frameworks lack a
principled and data-driven approach to adaptively
select the optimal format of the intermediate rep-
resentation based on task requirements. Existing
approaches rely on static format selection or on
hand-crafted prompts that let the LLM choose the
appropriate format for the task based on its induc-
tive biases. Both the static formats and the ones
suggested by the LLM may not be optimal. More-
over, the prior works rely on a fixed set of struc-
tures, whereas new optimal representations could
dynamically emerge as the agent interacts with the
environment. The fundamental challenge lies in
developing systems that can learn optimal message
formatting strategies dynamically from historical
data or from the environment while maintaining
seamless integration with existing systems.

In this paper, we address the challenge of learn-
ing the optimal representation to solve a given sub
task of a problem. We propose to learn the optimal
representations in a data-driven manner, from the
observations/rewards as the agents interact with the
environment. Since novel optimal representations
could emerge as the agent learns, we further pro-
pose to dynamically adapt to the set of tasks and
communication representations rather than optimiz-
ing for a fixed set of representations.

We aim to learn optimal representations (ac-
tions) dynamically for a given task (state) as the
agents interact with the environment, e.g. what is
the best format for an equation solving task. This
naturally reduces to a sequential decision-making
problem which can be modeled as a Markov
Decision Process (MDP). As the representations
could evolve dynamically, we work in a setting
where the states and actions are evolving/expand-
ing. Thus, we pose the optimal representation se-
lection problem as an Expanding Markov Decision
Process (EMDP) and introduce our method called
OPTiMACS- Optimal Prompt Transformation in
Multi-Agent Communication System. Considering
the agents’ communication trajectory of length LT

and our desire to learn the optimal message rep-
resentation at each step/turn, a naive approach to
learn the optimal representation for a task from
the historical data would incur a complexity of
O((|T ||F|)LT ), where T ,F (cf. § A.7) are the set
of tasks and representations/formats respectively.

We thus employ methods from RL to efficiently
learn the state action space in linear complexity.

Figure 2: Task performance improves when prompt is
formatted as per discovered optimal representation.

Motivating the need to learn the optimal repre-
sentations in a data-driven manner, consider the
following problem assigned to the system (cf. fig.
3): “Gerald works at a daycare that pays him $30
every day. He worked for an entire week,...he spent
$100 on... How much money does he have left?
”. The problem states the person works for 7 days
and saves $110. Plain text (NL) based solution
arrives at the answer of $50, which stems from the
NL bias that a working week consists of 5 days.
Prompting the LLM to think in code (suggested by
our method) enables the model to explicitly define
the number of days as 7, thereby eliminating com-
mon biases associated with NL reasoning, arriving
at the expected answer. Further examples are in
the Appendix § A.6. To make the motivation con-
crete, we perform a study on single agent (LLM)
tasks where we compare results of plain text, op-
timal representation decided by LLM and optimal
representation derived by exploring the data (our
method). We present the findings in fig. 2 where
we see that our method consistently outperforms
the baselines (p-value<0.05 using Student’s t-test,
std. dev. < 2%, LLM: GPT-4). The errors induced
by natural language ambiguity get amplified in a
multi-agent scenario with many turns, necessitat-
ing the discovery of task-specific optimal message
representations to input to the LLM agent.
Contributions: To summarize, we make the fol-
lowing contributions: (1) We formalize the problem
of selecting the optimal communication representa-
tion in a multi-agent system as an evolving MDP
(2) We propose our method OPTiMACS, to learn
the optimal policy for task and message represen-
tation in a data-driven and dynamic manner. (3)
Extensive experiments are conducted on 7 bench-
mark datasets to show the efficacy of our method.
For reproducibility, we provide pseudo-code and
prompts in the Appendix.
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2 Related Works

Here we briefly compare our work with related
works for LLM agents and defer detailed discus-
sion to the Appendix.

2.1 Agentic Communication Protocols

Traditional agent communication has relied on stan-
dardized protocols like KQML (Finin et al., 1994),
FIPA-ACL (FIPA, 1997), MASIF (Milojicic et al.,
1999), Web Services (Berners-Lee et al., 2001),
Event Stream Processing (Cugola and Margara,
2012) etc. In the era of LLMs, researchers have ex-
plored communication using function calling mech-
anisms (Schick et al., 2023) and tool usage (Schick
et al., 2023). Recent standardization efforts include
protocols such as MCP (Anthropic, 2024), ACP
(Consortium, 2024a), A2A (Group, 2024) and ANP
(Consortium, 2024b). While these establish agent
communication infrastructure, they provide static,
rule-based schemas that cannot adapt to varying
task requirements or agent capabilities.

2.2 Structured Communication among LLM
Agents

Recent work on structured communication focused
on leveraging the inductive biases in LLM for for-
mat generation (Chen et al., 2022), though with-
out mechanisms for dynamically learning or do-
main adaptation. These methods suffer from over-
reliance on static LLM biases without learning
from environment feedback.

Our work differs from existing research in that,
unlike existing approaches that focus on either
agent coordination infrastructure or static / LLM
prompted format generation, we focus on the opti-
mization of message representations/structures/for-
mats in multi-agent communication by dynamically
learning from the environment.

3 Problem Formulation

In this section, we formulate the problem setup.
For readers unaware of Markov Decision Process
(MDP) and related techniques, we kindly refer to
the Appendix (A.0.1) or (Sutton and Barto, 2018).

We operate in a multi-agentic setting where mul-
tiple specialized LLM agents collaborate sequen-
tially to solve a complex task. Let there be N
LLM agents {Ai}Ni=1, passing messages to each
other over T turns. In any turn t, 1 ≤ t ≤ T ,
agent Ai sends a message mt

(i,j) to next agent Aj

in the pipeline to share information and context.

We aim to develop a module F (mt
(i,j))→ m′ that

transforms message from Ai to Aj . We optimize
m′ = F (mt

(i,j)) such that m′ is in a (near) optimal
structure/representation (defined by goal success)
given the complex task and the nature of Ai and Aj .
Considering we desire to learn the optimal struc-
tures (action) for a given task (state), we naturally
pose the problem as a Markov decision process
(MDP) (Puterman, 1994) and aim to learn the opti-
mal policy π∗(F |Taski,m, t,Ai,Aj) which maps
a given task to the optimal representation. Sim-
pler alternatives like contextual bandits 1 would not
solve for the sequential nature of the problem and
A/B testing to find the best format is not practical
(cf. § A.1). Formally, we aim to learn the policy
π∗ such that the end goal of the multi-agent com-
munication is achieved. This can be represented
as:

argmax
π∈Π

∑
task

fs

(
task, F (m)

∣∣∣∣∣
F = argmax

f∈F
π(f |context)

)

where Π is the space of all possible policies,
fs(.) ∈ R is a functional indicating the degree
of task (function) success.

We define the MDP by the tuple ⟨S,A,P,R⟩,
where S is the true state space, A is the ac-
tion space, P represents transition probabilities,
R is the reward function. We thus formu-
late the MDP as: (i) State Space S: Task
types t ∈ T representing generalizable abstrac-
tion of messages (e.g., information_request,
logical_reasoning, decision_strategy) (ii)
Action Space A: Message structures/represen-
tations/formats f ∈ F including structures like
JSON, XML, tabular data, decision trees, etc. Note
here we use the term structures to mean represen-
tations (formats) and do not limit the search space
to only include “structured” objects (e.g., JSON).
(iii) Reward Function R(t, f): A Success metric
that measures goal attainment (e.g., +1 for success,
else -1) (iv) Policy π(f |t): Probability distribution
over formats/representations given task type.

In our problem setup, we allow the tasks and the
representations to evolve as the learning progresses.
This is needed because, in real-world problems, the
agents encounter new information and we may not

1In the single agent (1-step) setup the MDP simplifies to a
Contextual Bandit. Refer Appendix A.1 for details.
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always know the tasks and structures beforehand.
In later sections (cf. fig. 4), we show empirically
that the evolving/dynamic state/action formulation
benefits the performance over fixed state/action
space i.e. standard MDP. Thus, we propose to
evolve the MDP as the agent encounters new states
(tasks) and actions (structure formats) while learn-
ing. Formally, we expand our state space Told to
Tnew = Told ∪ {tnew} on encountering new task
tnew. Similarly the action space Fold is updated
as Fnew = Fold ∪ {fnew} on encountering new
structure format fnew. As the states and actions
evolve during learning, we work in the setting of
an Evolving Markov Decision Process (EMDP).
One point to note is that the tasks themselves are
not observed directly and our method estimates the
task based on the observations. As such the as-
sumed MDP, in theory is a partially observable one,
where one might maintain some belief states from
the actual environment observations, which can be
intractable in real multi-agentic problem spaces.
However, we observe in our experiments that the
probability distribution of the states given an obser-
vation has a large mass around a state, with high
accuracy (cf. § 6.1). Thus, we can approximately
know the state and the problem, at a given time,
can be approximated as an MDP to enable tractable
policy learning. In the below proposition, we show
the convergence of learning the proposed EMDP
(proof in Appendix § A.2):

Proposition 1 (Convergence of the proposed
EMDP based algorithm). Consider the EMDP =
(Se, Ae, Pe, R, γ), with value function V . Let T
denote the update operator (including expanding
Se, Ae) s.t. Vk+1 = T (Vk), then lim

k→∞
∥Vk−V ∗∥ =

0, where V ∗ is the optimal value function for the
states and actions explored till k iterations.

4 Learning Optimal Representations for
Agentic Communication

Having seen the problem setup in the previous sec-
tion, this section outlines our method, OPTiMACS
which consists of the following components: 1)
Task classification 2) Policy for optimal representa-
tion selection. The message from the source agent
Ai is categorized into the appropriate task. This is
done using an LLM, since LLMs have exhibited ca-
pabilities for few/zero-shot text classification tasks
(Brown et al., 2020). Once the task is decided,
the learnt policy then selects the optimal structure
using which the message is formatted for commu-

nication with destination agent Aj . The policy is
learnt using an adapted policy learning framework
as we shall see in the next sections. The system
overview for OPTiMACS is in figure 3.
1) Initialization: In order to initialize the task and
representations, we sample and process the data
(if available) to build a knowledge base (KB), by
prompting the LLM. In case of a pure online setting,
we bootstrap the KB from prior knowledge of data
from similar domain. The novel tasks and represen-
tations are then updated as the learning progresses.
Note, we do not aim for OOD generalization but
adaptation to the concerned task/domain.
2) Task categorization: Tasks serve as an abstrac-
tion to help generalize to novel messages. Prior to
selecting the optimal representation using the pol-
icy, the system needs to classify the incoming mes-
sage into one of the known tasks or a new one. For
this categorization, we use an LLM. We warm start
the task taxonomy with a few known categories and
adopt a chain of thought style prompting, where
the LLM is prompted to first review the message
and decide whether the message fits into one of the
existing tasks or a new task category needs to be
added to the set, followed by the categorization of
the message into the task. Following are the inputs
to the LLM: (i) Source agent name and description
(e.g., “problem_solver: mathematical reasoning
agent”) (ii) Target agent name and description (e.g.,
“code_executor: computational verification agent”)
(iii) Raw message content requiring formatting (iv)
Current task taxonomy with descriptions.

Thus, the module considers the message as well
as the agent context in order to decide the task cat-
egory. If the existing task categories do not fit the
current message context, the module (LLM) cre-
ates a new task category. The prompt for selection
of task is provided in the Appendix § A.11. Once
the task is decided, we then provide the task to
the policy which learns and decides the optimal
representation for that task and agent pair.
3) Policy for Representation Selection: We have
seen the formulation of the problem-setting as ex-
panding MDP. This module learns a policy (π)
to sample from the action (structure) distribution
given the state (task). In order to learn the optimal
policy π∗, we design a policy learning method for
our problem setting. The algorithm is an off-policy
method to allow for exploration using a behavior
policy µ(a|s). At inference we sample greedily
from the learnt optimal policy. Exact methods
would require an exponential complexity to com-
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Figure 3: Left figure shows the overview of our method which consists of two components namely the task
categorization and the policy learning module (in blue). The policy module learns the policy for the chosen task
using historical data or online from the reward on achieving the end goal. Right figure compares the outcomes on a
sample problem, using base and our method. The vanilla system chooses natural language and arrives at the wrong
answer whereas our method selects code as the message representation to deduce the correct answer.

pute the system dynamics (cf. § 1). Thus, we ap-
proach the solution using trajectories as the agents
explore the environment and employ Monte Carlo
(MC) based methods (Sutton and Barto, 2018).

(3.1) Discovery of Representations: In our
method, the behavior policy explores the tasks and
representations followed by policy optimization.
We first describe the behavior policy before we
see how we use it in our algorithm to find the
optimal policy (π∗(a|s)). The behavior policy
µ(a|s) consists of sampling using three strategies
namely: 1) Sampling from Q values (Q) 2) LLMs
as a sampler (L) and 3) Diverse Exploration (D).
The motivation for using these policies comes
from the seminal work by Freud (Freud, 1989),
which suggests that human behavior is influenced
by unconscious memories/patterns and rational
thoughts. Inspired by human behavior, the behav-
ior policy samples actions from its “unconscious”
learnt patterns (Q-values), “conscious” rational
module (LLM) and random exploration (diversity
policy). In order to give differential preference to
each of the samplers, we use strategy-wise weights
w = [wQ, wL, wD].

Sampling from Q values (Q): This policy sam-
ples structures from the learnt Q values, akin to a
scoreboard, in an ϵ−greedy manner. Specifically,
the probability of the action (message structure)
is computed as: πQ(a|s) = exp(Q(s,a)/τ)∑

a′ exp(Q(s,a′)/τ) if

random() > ϵ else 1
|F| . where τ is the sampling

temperature. Thus this policy encourages message
structures that are known to work well for a task.

LLMs as a sampler (L): This policy selects the
action (message structure) by prompting an LLM

with comprehensive context: 1) Source and target
agent context descriptions 2) Message content and
categorized task type 3) Historical pass rates (%
success) for each structure previously used with
this task 4) Currently overused formats to encour-
age diversity 5) High-level optimization goals (e.g.
enhance clarity, efficiency etc.). In doing so, we
look for representations that are specifically de-
signed with the current query in mind. This phase
also allows for addition of new message structures
as needed and decided by the LLM. The prompt
for structure selection via LLM is given in §A.11.

Diverse Exploration (D): Here, we explore diverse
formats that did not appear for concerned task but
appeared for other tasks. To give a fair chance to
the under-sampled formats, we sample inversely by
frequency. Thus, we design this policy which sam-
ples inversely to usage frequency for exploration
across tasks from the distribution pi =

(1−ni/N)
(N−1) ,

where pi, ni are the sampling probability and count
for task i and N is the total steps.

(3.2) Learning the Optimal Policy: Having de-
scribed the behavior policy, we now explain our al-
gorithm. As seen, we adopt an off-policy method in
which the states and actions are not fixed. We adopt
a Monte Carlo (MC) based learning since we obtain
feedback at the end of the trajectory. MC methods
are known to be unbiased, stable and avoid spuri-
ous noisy rewards. Specifically, the method can be
described as an off-policy MC learning with envi-
ronment expansion. The target policy π(a|s) (for
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inference) greedily selects structures. Formally,

π(a|s) =

{
1 if a = argmaxa′ Q(s, a′)

0 otherwise
(1)

The behavior policy combines the exploration
strategies as follows:

µ(a|s) = wQπQ(a|s)+wLπL(a|s)+wDπD(a|s)

The Q-values are updated using importance sam-
pling, on every visit as per the below expression:

Qt+1(s, a)← Qt(s, a) +
Wt+1

Ct(s, a)
(Gt −Qt(s, a))

Gt+1 = γGt +Rt+1, Wt+1 =
Wt

µ(a|s)

where Q ∈ R|T |×|F| is the Q table, W is the im-
portance sampling ratio, Rt+1 is the reward at time
t for taking action a ∈ RF (message structure)
in state s ∈ RT (task), Ct(s, a) is a normalizing
factor (generally count of the times s, a is visited).

In the above, the tasks (state) and structures (ac-
tion) could evolve as the learning progresses. Since
new state-action pairs are discovered during learn-
ing, we employ the below two phases in learning:

Expansion Phase: Allow discovery of new
(s, a) pairs up to threshold α fraction of interac-
tions. In this phase the LLM generates new task
categories and structures as seen previously.

Convergence Phase: Once new tasks and for-
mats become rare, we fix the state-action space and
allow for Q-value convergence.

The system learns from the complete multi-agent
conversation trajectories of length LT ending with
outcome R ∈ {0, 1}. Algorithm 1 summarizes
the method. The complexity of the method is
O((|T |+ |F|)|D|LT ) (cf. § A.7), which is lin-
ear in number of tasks (T ), formats (F), dataset
size (D) and trajectory length (LT ).
(3.3) Inferring Representations: At inference, the
policy module takes a task (given by the task cat-
egorization module) and decides the structure in
which to format the message for downstream com-
munication. We adopt a greedy policy (eq. 1) that
selects the best action π∗(a|s).

5 Experiment Setup

We evaluate our method OPTiMACS, following
the approach of the main baseline (Chen et al.,
2024). Specifically, we seek to answer the follow-
ing research questions: (i) RQ1: Does OPTiMACS

Algorithm 1 OPTiMACS Algorithm

1: Initialize, for all s ∈ T , a ∈ F(s):
2: Q(s, a)← arbitrary
3: C(s, a)← 0
4: µ(a|s) ← wQπQ(a|s) + wLπL(a|s) +

wDπD(a|s) (behavior policy)
5: π(s)← a deterministic policy that is greedy

wrt Q
6: repeat
7: msg← Sample from the set of queries/prob-

lems
8: Generate an episode using behavior policy

µ(a|s):
9: repeat

10: Tt ← TaskCategorization(msg, context)
11: Ft ← µ(Tt, context)
12: prompt← ApplyStructure(msg, Ft)
13: msg, Rt+1 ← At(prompt)
14: if Expansion Phase then
15: T ← T ∪ {Tt}, F ← F ∪ {Ft}
16: end if
17: t← t+ 1
18: until Episode end
19: G← 0
20: W ← 1
21: for t = T − 1, T − 2, . . . down to 0 do
22: G← γG+Rt+1

23: C(Tt,Ft)← C(Tt,Ft) +W
24: Q(Tt,Ft) ← Q(Tt,Ft) +

W
C(Tt,Ft)

[G −
Q(Tt,Ft)]

25: π(Ft|Tt) ← 1 if Ft =
argmaxaQ(Tt, a) else 0 (with ties
broken arbitrarily)

26: W ←W · π(Ft|Tt)
µ(Ft|Tt)

27: if W = 0 then
28: Exit For Loop
29: end if
30: end for
31: until Convergence or max iterations

enhance the performance over static and fixed struc-
tures in multi-agent settings? (ii) RQ2: Do we need
to optimize for representations or are there fixed
structures that work across datasets? (iii) RQ3:
How is the efficiency of the system affected? (iv)
RQ4: What is the effectiveness of each compo-
nent? (v) RQ5: What is the distribution of the
dynamically evolving tasks and representations?
We detail the experiment setup below.
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5.1 Datasets:

Single LLM Reasoning: In the motivation study
(cf. fig. 1), we employ the datasets of Logic Grid,
Coin Flip and AQuA adopting the same experiment
setting as (Chen et al., 2024).

Multi-Agent: (i) Collaborative Problem Solv-
ing: We use the GSM+ (GSM) benchmark (Li
et al., 2024) to evaluate mathematical problem
solving, as the adversarial examples in the dataset
could benefit from a multi-agent setup and vari-
ous message structures. Correctness is measured
by matching answers up to precision. (ii) Infor-
mation Exchange: In order to evaluate the abil-
ity to find optimal structures, we experiment with
information exchange using multi-hop QA using
the NarrativeQA (NQA) (Kočiský et al., 2018),
WikiHopQA (WQA) (Welbl et al., 2018), and Hot-
potQA (HQA) (Yang et al., 2018) datasets. Cor-
rectness is evaluated as follows: (i) when answer
choices are provided, we use exact match, (ii) for
open-ended responses, we employ an NLI-based
metric where we use a RoBERTa model fine-tuned
for NLI (Tarunesh et al., 2021), treating the ques-
tion and model-generated answer as the “premise,”
and the annotation as the “hypothesis,” scoring cor-
rect if entailment score > 0.7 (set empirically).

5.2 Baselines:

For all the experiments, we choose the vanilla
multi-agent system (Vanilla MAS) and Autoform
(prompts LLM for best structure from predefined
ones) as the baselines. Please note that the Vanilla
MAS already uses prompting techniques like CoT
(Wei et al., 2023), ReAct (Yao et al., 2023) etc.
and our method is orthogonal to these. Since these
methods involve directly prompting the LLMs and
there is no learning involved, we directly evaluate
on the test-set. For OPTiMACS, we first learn the
policy by running trajectories over a small sample
of data points (∼ 500 − 2000). The testing set
is obtained keeping a similar setting as baseline
Autoform (Chen et al., 2024). In order to gauge
the benefits of dynamically learning the message
structures from data/environment, we experiment
with LLMs such as GPT4o (OpenAI, 2024) and O3
(OpenAI, 2025). To further understand the effect
of learning structures on smaller models, we also
experiment with some small language models such
as Phi4-mini (Abdin et al., 2024), llama3-8B (et.
al., 2024) and Qwen2.5-Math-7B (Team, 2024).

Table 1: OPTiMACS outperforms the vanilla MAS us-
ing NL and Autoform (fixed formats by the LLM).

LLM Method GSM WQA HQA NQA Avg
GPT-4o Vanilla 86.5 19.5 65.1 51.3 55.6

Autoform 87.5 18.2 48.5 35.9 47.5
OPTiMACS 89.5 21.4 69.1 57.2 59.3

o3 Vanilla 93.5 20.5 80.2 70.5 66.2
Autoform 92.1 21.9 81.7 59.8 63.9

OPTiMACS 94.7 22.8 88.9 71.9 69.6
Qwen2.5- Vanilla 79.1 11.8 29.3 26.2 36.6
7B (Math) OPTiMACS 82.5 17.2 37.4 29.7 41.7

Phi4- Vanilla 64.5 6.3 24.5 22.4 29.4
mini OPTiMACS 70.5 11.6 31.8 23.9 34.4

Llama3- Vanilla 77.9 9.7 28.3 25.1 35.2
8B OPTiMACS 83.5 12.8 33.6 27.2 39.3

Efficiency ∆ Tokens (%) -8.7 -5.4 -18.8 19.3 -3.4

5.3 Implementation details

We design multi-agent scenarios with three agents
- Planner, Verifier, and Coder - for GSM+ dataset
and five agents (each with different context/infor-
mation) for the multi-hop setting, using the Auto-
Gen framework (Wu et al., 2023). For the policy
learning, we initialize the Q values for newly dis-
covered structures and sampling temperature as 0.
We allow the trajectories to roll out for a maxi-
mum of 25 steps (as we empirically find the goal is
achieved by then). For the behavior policy, we set
the weights as wQ = 0.5, wL = 0.25, wD = 0.25.
We set the ϵ = 0.1. The expansion phase is allowed
for around 20% of the epoch after which we allow
the Q-values to converge. The trajectory is termi-
nated when any agent thinks the goal is achieved or
the maximum number of iterations (25) have been
reached. If the goal/answer matches the ground
truth a reward of +1 is provided else a penalty of
-1 is incurred, for every step. All experiments are
conducted on a linux machine with a single A100
GPU. For SLM-inference, we use the vLLM library
(Kwon et al., 2023) and official open source mod-
els as on huggingface (Hugging Face, 2025). Each
experiment is run three times and we report the
average over runs for brevity (variance ∼ ±2%).

6 Results

6.1 Main Results (RQ1)

In this section, we present the results of our method
w.r.t. baselines on the benchmark datasets. Table
1 shows the accuracy results on GSMPlus and the
MultiHop datasets, against the respective LLMs.
We observe that our method outperforms the base-
lines and the enhancements are statistically signif-
icant (using Wilcoxon signed-rank test, p-value
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< 0.05). This indicates that learning the opti-
mal structures dynamically enhances performance
in multi-agent setting, answering RQ1. Where
Roberta based NLI is used for evaluation, we per-
form a human evaluation on a sample (∼ 100) set
and find a high Cohen’s Kappa (Cohen et al., 2007)
(>90%). We also find our method (vanilla), on av-
erage, needs around 3.5 (3.5), 2.5 (3) hops using
GPT4o, o3 respectively. From the SLM results, we
can observe that our method demonstrates consis-
tent improvements compared to the vanilla method,
confirming the benefit of communicating using op-
timal message structures even in small models. We
further report the percent difference of tokens con-
sumed by our method (w.r.t. vanilla system) across
methods and datasets and find that the communica-
tion cost is on par or even reduced in some cases.
Task Classification: One of the important mod-
ules in our method is the task classification module,
where the LLM samples a state from its observation
(input message). Here we quantify the accuracy of
the task classification, by a double-blind human
review. We employ two human experts to label the
tasks (∼ 100 per dataset) as classified by the mod-
ule. The accuracy (across datasets) was 99.5% and
the Cohen’s Kappa (Cohen et al., 2007) was near
100% showing complete inter-rater agreement.

6.2 Performance with Fixed Structures (RQ2)
In this study, we analyze if finding the optimal
structure is necessary by comparing with some
largely adopted fixed structures in multi-agent com-
munication literature. From table 2 we can see that
among fixed methods, Pseudo-code & List (Sequen-
tial Thinking) generally perform well due to the
mathematical nature of the tasks. However, there
exists no structure that performs consistently better
across all datasets. This shows that the best struc-
ture is task-dependent, answering RQ2. Further,
our method performs better than the fixed structures
indicating that OPTiMACS attempts to find the op-
timal structure for a task. We also report average
tokens and time per message and across datasets.
We find that alternative formats (e.g. KQML) have
higher efficiency than NL and OPTiMACS is able
to maintain high accuracy while also finding for-
mats that have low token count and latency.

6.3 Token Efficiency (RQ3)
In this study, we observe how efficient our method
is compared to the vanilla multi-agent system with-
out optimizing the message structures. This would

Table 2: OPTiMACS outperforms fixed representations
indicating the importance of dynamic learning.

Structure GSM WQA HQA NQA Avg Avg Tokens Avg Time (s)
NL 86.5 19.5 65.1 51.3 55.6 87.8 1.58

Ours 89.5 21.4 69.1 57.2 59.3 79.8 1.23
JSON 71.5 19.5 66.9 52.9 52.7 101 1.5
XML 89.1 17.1 68.1 52.2 56.6 99.8 1.48

KQML 89.5 14.6 63.9 57.1 56.3 70.5 1.28
YML 87.6 18.3 66.8 50.0 55.7 77.3 1.20
Code 89.2 21.1 68.0 54.0 58.1 201.7 2.41

Equation 87.9 18.3 69.0 47.4 55.7 88.8 1.58
Table 87.0 14.6 62.2 53.1 54.2 117.3 1.54
List 88.1 20.8 67.9 56.3 58.3 106.1 1.34

help inform practitioners of the tradeoffs in tokens/-
cost with enhanced performance. We observe from
table 3 that across all the datasets on which we ex-
perimented, the maximum increase in token usage
is not more than 20%. In some cases OPTiMACS is
more efficient compared to the vanilla multi-agent
system. This is because certain formal structures
require fewer tokens compared to natural language.
Thus, OPTiMACS enhances performance while
keeping the cost bounded, answering RQ3.

Table 3: Token efficiency of OPTiMACS.

Dataset #Tokens (Vanilla) #Tokens (Ours) ∆ Tokens (%)
GSM+ 2667 2434 -8.7

WikiHop 1023 968 -5.4
HotPotQA 671 545 -18.8

NarrativeQA 925 1104 +19.3

6.4 Ablation Study (RQ4)

We study the impact of fixed set of structures/tasks
(w/o dynamic) and dynamic but not learning the
policy from the data (w/o learning). We further
study how the performance evolves with converg-
ing Q values as the learning progresses. From fig-
ure 4 we find that the results drop without the policy
learning (∼ 42%) or dynamically evolving mod-
ules. On the WikiHop dataset, we find the drop is
drastic (∼ 42%) without the policy learning mod-
ule, whereas in the HotpotQA dataset we find that
dynamically learning structures is more important
to the task. Thus, the importance of the modules is
task/dataset dependent; nevertheless, both modules
are important in OPTiMACS to achieve optimal
performance. From the Q-plot we can see that the
Q-values/accuracy converge with time. Further, the
average slope (∆Q/step) in the expansion phase
is 3.08 × 10−2 vs 1.5 × 10−3 in the convergence
phase, indicating convergence once the EMDP is
frozen (supporting prop. 1). Further studies are
provided in the Appendix (A.4.3, A.5).
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(a)

(b)

Figure 4: a) Dynamic representation evolving and policy
learning module are important for performance b) The
Q-values/accuracy converge as learning progresses.

6.5 Structure Distribution (RQ5)

In this section, we study the distribution of the tasks
and structures uncovered by OPTiMACS during the
expansion phase of learning. In figure 5, we see
the structure distribution where we display 10(/64)
high-level structures including seed and discovered
structures. In addition to the seeded structures of
JSON, XML, YAML, List, Code etc., our method
is able to discover some new structures (∼ 50%)
within the categories of Trees, Graphs, Math etc.
From the task wise distribution of representations,
we see the hard category of the comparison task
benefits from “Math” representation due to the na-
ture of the task, whereas the bridge task benefits
from Graph and Tree structures as expected. Thus
OPTiMACS is able to select the pertinent structure
for the task. For brevity, we show evolution of
formats in the Appendix A.4.2.

7 Conclusion

In this paper, we present a method to dynamically
learn the optimal structure for effective communica-
tion in a multi-agent system. We pose the problem
of finding the optimal message structure as an Ex-
panding Markov Decision Process (EMDP). This
allows us to dynamically evolve to new represen-
tations as the agents interact with the environment.
We further learn the optimal policy to decide the
structure for the task at hand, rather than relying

(a)

(b)

Figure 5: Fig. a) shows the overall structure distribution
and b) is the task-wise distribution found for HotPotQA.

on fixed structures or the inductive biases from the
LLM. Our work is the first to provide a learnable
framework for optimizing message representations
in agentic (LLM) communication. Future works
could extend this research by employing composite
optimal representations and latent search spaces
to expand beyond finite tabular methods to handle
infinite tasks and representations.

8 Limitations

While OPTiMACS demonstrates strong empirical
results on standard benchmarks, we encourage prac-
titioners to apply the techniques proposed in the
paper to their real-world scenarios to see whether
structured representations benefit the task. In our
study, we optimize the policy for trajectories sam-
pled from a given dataset. However, it remains to
be studied whether this policy can be transferred to
another related dataset. While we observe improve-
ments in task performance, we also note slight in-
crease in token usage in certain cases and future
works can look at prompt optimization to further
enhance efficiency. Future research could also ex-
plore a multi-dimensional abstraction of tasks.
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A Appendix

In this supplementary, we provide results and dis-
cussion that could not be included in the main paper
due to space constraints. Specifically, we elaborate
on some of the preliminaries in §A.0.1 followed
by some additional results and analysis. The addi-
tional details are:

1. Preliminaries (§A.0.1) and justification of
MDP setting over Contextual bandits (§A.1)

2. Theory of convergence of the proposed EMDP
learning (§A.2)

3. Related works (§A.3)

4. Details of experiments in main paper (§A.4)

5. Further model ablation (§A.5)

6. Example case studies (§A.6) to show the flow
of communication between the agents in dif-
ferent datasets

7. Computational complexity (§A.7)

8. Distribution of Structures (§A.8)

9. Novelty and Diversity of Structures/Formats
Detected (§A.9)

10. Style Transfer Metrics (§A.10): to study the
loss of information from natural language to
structured representations and vice versa

11. Prompts used in the LLMs (§A.11)

12. Design of the single agent setting (§A.12)

A.0.1 Preliminaries
A.0.2 Markov Decision Process (MDP)
A Markov Decision Process (MDP) provides a
mathematical framework for modeling decision-
making in environments where outcomes are
partly random and partly under the control of an
agent. Formally, an MDP is defined as a tuple
(S,A, P,R, γ), where:

• S is the set of states,

• A is the set of actions,

• P (s′|s, a) is the transition probability func-
tion, representing the probability of moving
to state s′ from state s after taking action a,

• R(s, a) is the reward function, giving the ex-
pected immediate reward received after taking
action a in state s,

• γ ∈ [0, 1] is the discount factor, which bal-
ances the importance of immediate and future
rewards.

The objective in an MDP is to find a policy π :
S → A that maximizes the expected cumulative
discounted reward, defined as:

V π(s) = Eπ

[ ∞∑
t=0

γtR(st, at) | s0 = s

]
,

where V π(s) is the value function under policy
π. MDPs assume the Markov property, mean-
ing the future state depends only on the current
state and action, not on the sequence of events
that preceded it. This framework underpins many
reinforcement learning algorithms and is founda-
tional to understanding agent-environment interac-
tions (Puterman, 1994).

A.0.3 Policy Learning (Q-learning)
Q-learning is a model-free reinforcement learning
algorithm that aims to learn the optimal action-
selection policy by estimating the action-value
function, denoted as Q(s, a). The action-value
function represents the expected cumulative dis-
counted reward of taking action a in state s and
following the optimal policy thereafter. The core
idea of Q-learning is to iteratively update the Q-
values using the Bellman equation:

Q(st, at)←Q(st, at)+

α

[
rt + γmax

a′
Q(st+1, a

′)−Q(st, at)

]
where α ∈ (0, 1] is the learning rate, γ ∈ [0, 1]
is the discount factor, rt is the reward received
after taking action at in state st, and st+1 is the
resulting next state. Over time, and under cer-
tain conditions such as sufficient exploration and
decaying learning rate, Q-learning converges to
the optimal action-value function Q∗(s, a), en-
abling the derivation of the optimal policy π∗(s) =
argmaxaQ

∗(s, a) (Watkins and Dayan, 1992).

A.0.4 Monte Carlo Learning
The Monte Carlo (MC) method for Q-learning, is
a model-free approach that estimates the action-
value function Q(s, a) using complete episodes of
experience. Unlike temporal-difference methods,
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Monte Carlo methods update Q-values only at the
end of an episode, using the actual returns observed.
For each state-action pair (s, a) encountered in an
episode, the Q-value is updated as:

Q(s, a)← Q(s, a) + α [Gt −Q(s, a)] ,

where α is the learning rate and Gt =∑T
k=t γ

k−trk is the return from time step t until
the end of the episode T . Monte Carlo methods
require episodes to terminate and assume that the
environment is episodic. They are particularly use-
ful when the model dynamics are unknown and
when bootstrapping is not desired. While slower to
converge than TD methods, MC-based Q-learning
can provide unbiased estimates of the expected re-
turn under sufficient exploration (Sutton and Barto,
2018).

A.1 Justification for MDP based setting

We briefly formally introduce the key concepts
used in our framework.

Policy (π): A policy is a strategy, mapping states
(contexts) to actions (decisions), denoted as π(a|s),
representing the probability of taking action a in
state s.

A/B Testing: A randomized control experiment
used to compare two versions of a variable (e.g.,
prompts) to determine which performs better on
average across a dataset. This can be used for exam-
ple if we have much offline data to test which rep-
resentation generally works well across a dataset.
However it requires much offline evaluation and
may not be practical in an online setting. Further
it lacks the ability to make fine-grained decisions
for example if there are different tasks in a dataset
where different representations would be benefi-
cial.

Contextual Bandits: A simplified reinforcement
learning setting where an agent observes a con-
text, selects an action, and receives an immediate
reward, without state transitions. We use this vali-
dation for single-step prompting where the action
(format) does not impact future states. However in
a multi-agent setting where the output of one agent
feeds into another sequentially we would need to
track the history of states and in this scenario the
contextual bandit would not be effective.

Markov Decision Processes (MDPs): A frame-
work for sequential decision-making characterized

by a tuple ⟨S,A,P,R, γ⟩, where S is the state
space, A is the action space, P defines transition
probabilities between states,R is the reward func-
tion, and γ is theoretically the discount factor. We
employ this for multi-agent coordination where
current decisions fundamentally alter the dialogue
trajectory.

Q-values (Q(s, a)): The expected cumulative fu-
ture reward an agent will receive by taking action a
in state s and following a specific policy thereafter.

Off-Policy Learning: An off-policy algorithm
learns the value of a target policy π (e.g., opti-
mal formats) while following a different behavior
policy µ for exploration. Both our algorithms are
off-policy as they separate the learning of optimal
strategies from the diverse exploration required to
discover them.

A.1.1 Formulation for 1-step LLM Calls
Here we formalize the problem of LLM prompt-
ing and justify several key design choices as well
as need for Reinforcement Learning (RL). While
A/B testing can identify a globally superior static
prompt, it fails to capture instance-specific prefer-
ences where different queries require different for-
mats. A contextual-bandit formulation addresses
this by learning a policy that maps specific contexts
to optimal actions. Our formulation aligns with the
standard Contextual Bandit framework—mapping
contexts to actions to maximize reward—but is dis-
tinguished by two key differences: (1) Tabular
State Space: Unlike vector-based methods (e.g.,
LinUCB) that generalize across infinite states, we
discretize the context into semantic task categories,
defining valid clusters as proposed in Autoform
(Chen et al., 2024) and program-based reasoning
studies (Tian and et al., 2024); and (2) Ensemble
Exploration: We utilize a union of diverse strate-
gies rather than a single policy. The benefit of (1)
is interpretable, data-efficient learning that avoids
complex function approximation, while (2) ensures
robust coverage of the search space.

A.2 Convergence of Proposed EMDP

In this section, we discuss and prove the conver-
gence of the proposed EMDP for learning optimal
message representations. First, we state the known
convergence of the standard MDP.

Lemma 1 (Convergence of Value Iteration for
Finite MDPs (Bellman et al., 1957)). Let M =
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(S,A, P,R, γ) be a finite Markov Decision Pro-
cess, where:

• S is a finite set of states,

• A is a finite set of actions,

• P (s′|s, a) is the transition probability,

• R(s, a) is a bounded reward function,

• 0 < γ < 1 is the discount factor.

Define the value iteration operator T as:

(TV )(s) = max
a∈A

[
R(s, a) + γ

∑
s′∈S

P (s′|s, a)V (s′)

]

for any value function V .
Then, starting from any initial value function V0,

the sequence Vk+1 = TVk converges uniformly
to the unique fixed point V ∗, which is the optimal
value function for the MDP:

lim
k→∞

∥Vk − V ∗∥∞ = 0

Moreover, the greedy policy with respect to V ∗ is
an optimal policy.

In our setting the states and actions are not static
but keep evolving with time. Moreover the state
space is not known but the agent only observes
the environment and maintains a belief B which
is the set of all probability distributions over the
state space (S). While sampling the state from
the belief, we convert the belief to a dirac distri-
bution (1 at sampled state and 0 elsewhere) which
simplifies the problem to the standard MDP. How-
ever, since the states and action spaces are evolving
(evolving phase) we need to allow for some itera-
tions for convergence of sampled states and actions.
This happens in the cooling phase of our algorithm.
Moreover the LLM itself could update its belief if
the parameters change. However since we use a
pretrained LLM we relax the assumption that the
LLMś belief is fixed. To reiterate, we operate under
the following mild assumptions:

1. The state (task) sampling prompt uses a tem-
perature of 0 to sample the best task for the
concerned message as per the LLM’s belief

2. The LLM’s parameters (and thus belief given
observation) are kept fixed during learning
and inference i.e. we use a pretrained LLM

Having seen the assumptions we are now ready
to look at the proof of the convergence of our
EMDP based formulation.

Proposition 2 (Convergence of the proposed
EMDP based algorithm). Consider the EMDP =
(Se, Ae, Pe, R, γ), with value function V . Se, Ae

are the evolving states and actions respectively. Let
T denote the update operator s.t. Vk+1 = T (Vk),
then lim

k→∞
∥Vk −V ∗∥ = 0, where V ∗ is the optimal

value function for the states and actions explored.

Proof. Let P be a finite POMDP with state space
S, action space A, observation space O, bounded
reward function R, and discount factor 0 < γ < 1.
Let V0 be any initial value function over the belief
space B (the set of all probability distributions over
S). Define the value iteration operator T as:

(TV )(b) = max
a∈A

[∑
s∈S

R(s, a)b(s)

+γ
∑
o∈O

P (o|b, a)V (τ(b, a, o))

]

where b is a belief state and τ(b, a, o) is the updated
belief after action a and observation o.

Now, the LLM samples the state (task) from its
belief. Assuming the state with maximum proba-
bility is sampled, we have

b∗(s) =

1 if s=argmax
s

b(s)

0 otherwise

This gives us the operator (for the cooling phase
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where states and actions are fixed),

(TV )(b) = max
a∈A

[∑
s∈S

R(s, a)b(s)

+γ
∑
o∈O

P (o|b, a)V (τ(b, a, o))

]

= max
a∈A

[∑
s∈S

R(s, a)b∗(s)

+γ
∑
o∈O

P (o|b, a)V (τ(b, a, o))

]

= max
a∈A

[
R(s∗, a) + γ

∑
o∈O

P (o|b, a)V (τ(b, a, o))

]

= max
a∈A

R(s∗, a) + γ
∑
s
′∈S

P (s
′
|s∗, a)V (s

′
)


... injective since observation maps to a belief
from which argmax state is sampled

(TV )(s∗) = max
a∈A

R(s∗, a) + γ
∑
s
′∈S

P (s
′
|s∗, a)V (s

′
)


This converts to the standard MDP, which from

lemma 1 converges to optimal value function V ∗

(and thus policy) i.e. the sequence Vk+1 = TVk

converges to V ∗ which is the optimal value func-
tion for the EMDP (till this point), as k → ∞:
limk→∞ ∥Vk − V ∗∥∞ = 0. After every expansion
finding new states and actions, we could follow this
procedure to guarantee convergence.

Consider a phase pi of an EMDP (Si, Ai, Pi, Ri)
where we perform the expansion of states and ac-
tions and allow convergence before exploring new
states and actions. Now in the new phase pi+1’s
expansion, let’s say the agent has discovered new
states ∆S and actions ∆A. The above proposition
essentially states that at every phase, the learning
of the EMDP ∆S + Si,∆A+Ai, Pi+1, Ri+1 con-
verges.

A.3 Related Works
A.3.1 Multi-Agent Systems (MAS)
Recent advances in MAS have evolved from single-
shot LLM interactions to structured communica-
tion (Zhao et al., 2023). The framework proposed
in (Google, 2024, 2025) formalizes the model-
orchestration-tools stack with persistent memory
systems. (Fourney et al., 2024) demonstrates prac-
tical coordination through specialized agents man-
aged by a central Orchestrator. However, existing
frameworks focus primarily on agent coordination

mechanisms rather than optimizing communication
structures between agents.

A.3.2 Multi-Agent Communication Protocols
Traditional agent communication has relied on stan-
dardized protocols like KQML (Finin et al., 1994),
FIPA-ACL (FIPA, 1997), MASIF (Milojicic et al.,
1999), Web Services (Berners-Lee et al., 2001),
Event Stream Processing (Cugola and Margara,
2012) etc. In the era of LLMs, researchers have ex-
plored communication using function calling mech-
anisms (Schick et al., 2023) and tool usage (Schick
et al., 2023). Recent standardization efforts in-
clude protocols such as MCP (Anthropic, 2024),
ACP (Consortium, 2024a), A2A (Group, 2024) and
ANP (Consortium, 2024b). While these establish
communication infrastructure, they provide static,
rule-based schemas that cannot adapt to varying
task requirements or agent capabilities.

A.3.3 Learning in Multi-Agent Systems
Multi-Agent Reinforcement Learning (RL) has ex-
plored communication optimization through vari-
ous approaches. Message pruning (Takezoe et al.,
2026) and graph-based (Liu et al., 2024b) meth-
ods focus on reducing communication overhead
and optimizing information flow between agents.
Task-oriented communication protocols have been
developed using RL to enable agents to discover
efficient communication strategies between clas-
sical RL agents (Foerster et al., 2016). However,
LLMs differ in linguistically mediated communi-
cation (Sumers et al., 2023). Existing multi-agent
LLM frameworks leverage world knowledge for
coordination through open-loop and closed-loop
methods (Shinn et al., 2023), but do not adapt mes-
sage structures to optimize task performance.

A.3.4 Structured Communication among
LLM Agents

Recent work on structured communication focused
on leveraging the inductive biases in LLM for for-
mat generation (Chen et al., 2022), though with-
out mechanisms for dynamically learning or do-
main adaptation. These methods suffer from over-
reliance on static LLM biases without adaptive
learning mechanisms.

Our work differs from existing research in that,
unlike existing approaches that focus on either
agent coordination infrastructure or static / LLM
prompted format generation, we focus on the opti-
mization of message representations/structures/for-
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mats in multi-agent communication by dynamically
learning from the environment.

A.4 Details of Experiments in Main Paper

A.4.1 Token Efficiency (RQ3)
In this study, we observe how efficient our method
is compared to the vanilla multi-agent system with-
out optimizing the message structures. This would
help inform practitioners of the tradeoffs in token-
s/cost with enhanced performance. We observe
from table 4 that across all the datasets on which
we experimented, the maximum increase in token
usage is not more than 20%. In some cases OP-
TiMACS is more efficient compared to the vanilla
multi-agent system. This is because certain formal
structures require fewer tokens compared to natural
language. Thus this experiment shows that OPTi-
MACS enhances performance while keeping the
cost bounded.

Table 4: Token efficiency of OPTiMACS.

Dataset #Tokens (Vanilla) #Tokens (Ours) ∆ Tokens (%)
GSM+ 2667 2434 -8.7

WikiHop 1023 968 -5.4
HotPotQA 671 545 -18.8

NarrativeQA 925 1104 +19.3

A.4.2 Evolution of Formats
Figure 6 illustrates quantitatively the discovery
of new formats and task performance in OPTi-
MACS across datasets and LLMs. SA indicates
single agent datasets and MA are the multi-agent
datasets. Static denotes, no evolution of formats
and dynamic denotes format evolution using our
method. "Top" in the figure indicates the top 3
frequently used formats for the concerned dataset
and setting. As training progresses, the bar plots
show a steady and substantial increase in the cu-
mulative number of newly discovered communica-
tion formats, indicating that agents continue to ex-
plore and adopt diverse structured representations
rather than converging prematurely. In parallel, the
line plots reveal consistent improvements in the
performance metrics (success rate and normalized
Q-values), reflecting gains in decision quality as
training advances. Notably, phases with sharper in-
creases in discovered formats (mid to late training)
align closely with pronounced improvements in Q-
values, suggesting that richer and more expressive
format spaces directly contribute to higher-value
action selection. We find that static formats (where
there is no evolution of formats) have lower perfor-

mance in general compared to their evolving coun-
terparts. For example in AQuA dataset we see the
static method (first blue bar) has poor performance
( 10%) compared to its evolving counterpart (green
bar) which achieves over 90% success rate (green
dotted line with triangle marker). We also observe
(for AQuA dataset) that the static formats predomi-
nantly prefer natural language whereas the evolv-
ing method learns new math representations that
enhance the performance. While dataset-specific
trends vary, the overall pattern remains consistent:
continued format discovery correlates with sus-
tained or improved task performance, demonstrat-
ing that OPTiMACS effectively balances explo-
ration of novel communication formats with ex-
ploitation for higher downstream reward.

A.4.3 OPTiMACS Ablation Study (RQ4)
In this section, we perform an ablation study to
analyze the importance of each component of OP-
TiMACS. Specifically, we study the impact of hav-
ing a fixed set of structures/tasks and keeping the
structures/tasks dynamic but not learning the policy
from the environment/data. We further study how
the performance evolves with converging Q values
as the learning progresses. From figure 7 we find
that the results drop without the policy learning
or dynamically evolving modules. On the Wiki-
Hop dataset we find the drop is drastic (∼ 42%)
without the policy learning module whereas in the
HotpotQA dataset we find that dynamically learn-
ing structures is more important to the task. Thus
the importance of the modules is task/dataset de-
pendent but nevertheless both the modules are im-
portant in OPTiMACS to achieve optimal perfor-
mance. From the Q-plot we can see that the Q-
values/accuracy converge with time.

A.4.4 Structure Distribution (RQ5)
In this section, we study the distribution of the
tasks and structures uncovered by OPTiMACS dur-
ing the expansion phase of learning. In figure 8 we
see the structure distribution where we display 10
high-level structures including seed and discovered
structures. In total the method discovered 64 struc-
tures and we club the fine-grained structures into
these high level types. In addition to the seeded
structures of JSON, XML, YAML, List, Code etc.,
our method is able to discover some new structures
within the categories of Trees, Graphs, Math etc.
The newly discovered structures account for more
than 50% of the structures. We also analyze the
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Figure 6: Bar plots show evolution of structures (formats) as the learning progresses. The color indicates different
datasets and methods. The line plots show the performance (accuracy) and normalized Q-values.

(a) (b)

Figure 7: a) Dynamic representation evolving and policy
learning module are important for performance b) The
Q-values/accuracy converge as learning progresses.

structure distribution per task. The major tasks
in the concerned dataset (HotPotQA) were mainly
identified as “Comparison” (mathematical compar-
ison between entities) and “Bridge” (multi-hop rea-
soning between connected entities) with easy (E),
medium (M) and hard categories (H). We see differ-
ent tasks have different distributions of the optimal
structures. The hard category of the comparison
task benefits from “Math” representation due to the
nature of the task, whereas the bridge task benefits
from Graph and Tree structures as expected. Thus
OPTiMACS is able to select the pertinent structure
for the task. Due to space constraints, we add fur-
ther experiment results & details in the appendix.

A.5 Further Ablation Studies

To understand the contribution of OPTiMACS’s
key components for gpt-4o, we conduct compre-

(a) (b)

Figure 8: Fig. a) shows the overall structure distribution
and b) is the task-wise distribution found for HotPotQA.

hensive ablation studies across four challenging
datasets: HotpotQA, NarrativeQA, WikiHopQA,
and GSM+. We compare our full OPTiMACS ap-
proach against baseline methods and variants with
specific components removed.

A.5.1 Ablation Design Rationale
OPTiMACS’s behavior policy consists of three
core components: L (hard mining), D (soft-mining),
and S (Q-Learning). While this creates 2³ = 8 pos-
sible configurations, we strategically select 5 ab-
lations that provide the most meaningful insights
into system performance:

• Theoretical completeness vs. practical in-
sight: Testing all 8 combinations would in-
clude configurations like (L=0, D=1, S=0)
which represent partial implementations that
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lack theoretical grounding and practical rele-
vance (Sutton and Barto, 2018).

• Baseline comparison focus: Our selected ab-
lations prioritize comparisons against estab-
lished baselines (Plain, Autoform) and system-
atic component removal to isolate individual
contributions.

A.5.2 Experimental Setup

We evaluate the following strategically chosen con-
figurations:

• Plain: Standard prompting without any OPTi-
MACS components - serves as the fundamen-
tal baseline

• Hard-Mining Only (L-only): Uses only the
hard mining component without soft-mining
or Q-Learning - equivalent to Autoform base-
line (Chen et al., 2024)

• Q-Learning Only (S-only): Uses only Q-
Learning guidance without any mining com-
ponents - tests pure reinforcement learning
contribution

• Mining Combined (L+D-only): Uses both
hard and soft mining without Q-Learning -
tests adaptive formatting effectiveness

• OPTiMACS Full (L+D+S): Complete ap-
proach with all three components - our full
integrated system

This configuration set allows us to isolate the
contribution of: (1) hard mining alone (Plain vs.
Hard-Mining Only), (2) Q-Learning guidance in
isolation (Plain vs. Q-Learning Only), (3) com-
bined mining effects without reinforcement learn-
ing (Mining Combined vs. Plain), (4) individual
component effects (L-only vs. S-only), and (5) syn-
ergistic effects (OPTiMACS Full vs. individual
components).

The strategic design reveals component interac-
tions: Hard-Mining Only tests basic prompt op-
timization, Q-Learning Only evaluates pure rein-
forcement learning without format adaptation, Min-
ing Combined examines the synergy between L
and D components, while OPTiMACS Full demon-
strates the complete integrated approach.

A.5.3 Results and Analysis

Figures 9, 10, 11, and 12 present the ablation study
results as bar diagrams for each dataset, providing
clear visual comparisons of component contribu-
tions across different reasoning tasks.

NarrativeQA Results: As shown in Figure 9,
OPTiMACS Full achieves the highest performance
with 59% accuracy, substantially outperforming
plain prompting (51%) and Hard-Mining Only
(36%) baselines. The bar diagram clearly illus-
trates that Mining Combined (L+D components)
results in a moderate performance decrease to 55%,
while Q-Learning Only leads to a more substantial
drop to 50%, approaching baseline performance
levels. This suggests that while Q-Learning pro-
vides valuable guidance, the mining components
are particularly crucial for narrative understanding
tasks.

HotpotQA Results: The bar diagram in Fig-
ure 10 reveals that OPTiMACS Full achieves 69%
accuracy, marginally improving over plain prompt-
ing (68%) but significantly outperforming Hard-
Mining Only (48%). Component isolation shows
that both Mining Combined (63%) and Q-Learning
Only (62%) contribute similarly, indicating bal-
anced importance of both mining and reinforce-
ment learning components for multi-hop reasoning
tasks.

WikiHopQA Results: Figure 11 demonstrates
OPTiMACS Full’s effectiveness on challenging
multi-hop questions, achieving 21% accuracy com-
pared to plain (20%) and Hard-Mining Only (18%).
Notably, the bar diagram shows that Mining Com-
bined causes a dramatic performance drop to 12%,
while Q-Learning Only maintains baseline perfor-
mance at 18%. This indicates that for complex rea-
soning chains, the mining components without Q-
Learning guidance can actually harm performance,
demonstrating the critical importance of the S com-
ponent for maintaining reasoning coherence.

GSM+ Results: The mathematical reasoning re-
sults in Figure 12 show OPTiMACS Full achieving
89.5% accuracy, outperforming both plain (86.5%)
and Hard-Mining Only (87.5%) approaches. The
bar diagram illustrates consistent improvements
across all mathematical reasoning tasks, validating
the approach’s effectiveness on structured problem-
solving scenarios where all three components con-
tribute synergistically.

Cross-Dataset Component Analysis: The
strategic ablation design reveals distinct component
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interaction patterns across task types. The Mining
Combined approach shows strong performance on
narrative tasks but requires Q-Learning guidance
for complex multi-hop reasoning to avoid perfor-
mance degradation. Conversely, Q-Learning Only
provides modest improvements but achieves opti-
mal performance only when combined with mining
components, validating our integrated architecture
design.

The complementary nature of these components,
as evidenced by the consistent performance gaps
shown in the bar diagrams, validates both our de-
sign choices and our strategic ablation approach.
Rather than exhaustively testing all 8 configura-
tions, our 5 carefully chosen ablations provide clear
insights into: (1) individual component contribu-
tions (Hard-Mining Only, Q-Learning Only), (2)
component combinations (Mining Combined), (3)
synergistic effects (OPTiMACS Full vs. individ-
ual components), while maintaining experimental
efficiency and interpretability.

Figure 9: Ablation study results for NarrativeQA dataset.
The bar diagram shows OPTiMACS Full (59%) outper-
forming all component variants, with Mining Combined
(L+D) being more effective than Q-Learning Only (S)
for narrative reasoning tasks.

A.6 Example Case Studies

The four cases presented below clearly demonstrate
how plain-text communication leads to inefficient
information exchange and incorrect answers com-
pared to structured formatted messages. These
cases were specifically chosen to highlight dis-
tinct failure modes that plague multi-agent systems
when agents rely on unstructured natural language
communication (Zhang and et. al., 2023; Li et al.,
2023). Case 1 (HotpotQA) reveals the semantic
drift problem, where plain-text agents (cf. fig. 13)
engage in verbose dialogue that gradually shifts
away from the core question, correctly identifying

Figure 10: Ablation study results for HotpotQA dataset.
The bar diagram illustrates balanced contribution of
Mining Combined (L+D) and Q-Learning Only (S) com-
ponents, with OPTiMACS Full achieving 69% accuracy
through synergistic effects.

Figure 11: Ablation study results for WikiHopQA
dataset. The bar diagram demonstrates the critical im-
portance of Q-Learning Only (S) for complex multi-hop
reasoning, with Mining Combined (L+D) showing per-
formance degradation without reinforcement learning
guidance.

Figure 12: Ablation study results for GSM+ dataset.
The bar diagram shows consistent improvements in
mathematical reasoning tasks, with OPTiMACS Full
achieving 89.5% accuracy through effective integration
of Hard-Mining (L), Soft-Mining (D), and Q-Learning
(S) components.
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Barbara Jordan as a politician and Mark Knowles
as a tennis player but making an unfounded leap
to categorize them as “deceased public figures.” in
Line-16. This occurs because natural language al-
lows associative reasoning without explicit logical
constraints (Wei et al., 2023). This is avoided in
Structured Interactions where SQL Enforce precise
Categorical thinking (Lines 24-34, cf. fig. 14).
Case 2 (NarrativeQA) demonstrates context col-
lapse phenomenon, where critical contextual de-
tails get lost in conversational flow—the plain-text
agents (cf. fig. 15) correctly identify “Night of the
Living Dead” but fail to maintain accuracy about
whose grave was being visited (father vs. mother)
in lines 17 and 21, while the structured approach
uses state machines that preserve narrative details
through explicit entity tracking in lines 5-31,52 and
finally 56 (cf. fig. 16). Case 3 (WikihopQA) illus-
trates the circular reasoning trap, where agents get
caught in repetitive information-gathering loops
without systematic progress tracking as in lines
32-39,41, ultimately producing contradictory con-
clusions that directors from different countries are
“from the same country” (Yao et al., 2023) (cf. fig.
17). Timeline-Comparison Matrix provides system-
atic tracking as in line 42-47 and leads to correct
results (cf. fig. 18). Case 4 (GSM+) exposes veri-
fication blindness, where mathematical reasoning
appears sound but lacks systematic validation, lead-
ing to “45” (line 49) instead of the correct “50”
(line 75) (cf. fig. 19) due to subtle computational
errors undetected in natural language flow (Cobbe
et al., 2021). The structured versions (cf. fig. 20)
address these failures through explicit constraints:
XML tags and SQL queries prevent semantic drift
by enforcing precise categorical thinking; collabo-
rative inquiry protocols and comparison matrices
ensure systematic information gathering; assump-
tion blocks and inference chains create multiple
verification checkpoints that catch errors invisible
in natural language reasoning flows (Schick et al.,
2023; Qin et al., 2023).

A.7 Computational Complexity with and
without OPTiMACS

We analyze the computational complexity for three
different approaches. We assume that lookups are
4–6 orders of magnitude faster than LLM calls over
the network, allowing us to treat lookup operations
as negligible compared to LLM inference costs.

Notation: Let |D| denote the number of data
points, |P | the number of strategies or trajectories

× PLAIN TEXT → Incorrect Answer
User

1 Barbara Jordan and Mark Knowles are both what?

Agent 1

2 I need to find out what Barbara Jordan and Mark
3 Knowles have in common. To properly answer this
4 question, I should gather information about both
5 individuals and identify their shared characteristics
6 or professions. Let me request this information from
7 another agent who might have access to biographical data.

Agent 2

8 I can help provide information about these two
9 individuals. Let me search for details about Barbara

10 Jordan and Mark Knowles to determine what they both are.

Agent 3

11 Based on my knowledge: Barbara Jordan was a prominent
12 American politician and civil rights leader who served in
13 the Texas Senate and later in the U.S. House of
14 Representatives. Mark Knowles was a professional tennis
15 player from the Bahamas who competed at the highest
16 levels of international tennis.
▶SEMANTIC DRIFT Associative reasoning without logical con-

straints

17 Looking at what they have in common, both individuals
18 achieved recognition in their respective fields and became
19 notable public figures, but they come from completely
20 different professional backgrounds.
21 ANSWER: Barbara Jordan and Mark Knowles are both
22 deceased public figures who achieved fame in different
23 fields—politics and sports respectively.

Figure 13: Case Study #1 (HotpotQA): Plain-text agen-
tic communication. Despite correctly identifying pro-
fessions (Lines 11–16), associative NL reasoning drifts
to an unfounded categorization (Line 17).

sampled, |T | the number of possible tasks, |F | the
number of possible formats, and |LT | the length of
a trajectory (number of steps).

1. Single-Agent: For each of the |D| data points,
we evaluate all |P | = 14 strategies. Each
strategy requires 2 LLM calls along with a
constant number of lookups (|LT | = 1). The
total complexity is:

O(|P | · |D| · (|T |+ |F |)) (2)

This complexity is O(|P | · |D| · (|T |+ |F |))
with respect to both |T | and |F |.

2. Multi-Agent: For each of the |D| data points,
we sample a single trajectory (|P | = 1). We
perform 1 LLM call with |T | lookups. De-
pending on the strategy, we then either per-
form |F | lookups. The total complexity is:

O(|LT | · |D| · (|T |+ |F |)) (3)

This complexity is O(|LT | · |D| · (|T |+ |F |))
with respect to both |T | and |F |.

3. Brute-Force: For each of the |D| data points
and each trajectory (|P | = 1), we exhaustively
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✓ STRUCTURED → Correct Answer
User

1 Barbara Jordan and Mark Knowles are both what?

Agent 1

♦XML MESSAGE ROUTING Explicit delegation with structured re-
quests

2 <message>
3 <content>To answer this question, I need to
4 know about the professions or roles associated
5 with Barbara Jordan and Mark Knowles.</content>
6 <request>
7 <agent>Agent2</agent>
8 <information>Could you provide information
9 on who Barbara Jordan and Mark Knowles are,

10 specifically their professions?</information>
11 </request>
12 </message>

Agent 2

13 User: Could you provide information on who
14 Barbara Jordan and Mark Knowles are,
15 specifically their professions or notable roles?

Agent 3

♦SQL CATEGORICAL QUERY Enforces precise categorical thinking

16 SELECT
17 ’Barbara Jordan’ AS Name,
18 ’Politician and Civil Rights Leader’
19 AS Description
20 UNION ALL
21 SELECT
22 ’Mark Knowles’ AS Name,
23 ’Professional Tennis Player’
24 AS Description;

25 ANSWER: Barbara Jordan is a politician and civil
26 rights leader, and Mark Knowles is a professional
27 tennis player.

Figure 14: Case Study #1 (HotpotQA): Structured
agentic communication via OPTiMACS. XML routing
(Lines 2–12) delegates precisely; SQL (Lines 16–24)
enforces categorical thinking, preventing the semantic
drift seen in plain text.

try all |T | · |F | task-format combinations at
each of the |LT | steps in the trajectory. The
total complexity is:

O
(
|D| · (|T | · |F |)|LT |

)
(4)

This complexity is exponential in both |T |
and |F |, making the brute-force approach
computationally intractable for large numbers
of tasks and formats.

Symbol Definitions:

• |D|: Number of data points in the dataset

• |P |: Number of strategies evaluated or trajec-
tories sampled

• |T |: Number of possible tasks in the task
space

• |F |: Number of possible output formats

× PLAIN TEXT → Incorrect Answer
User

1 Why are Barbra and Johnny heading to Pennsylvania?

Agent 1

2 I need to determine the context of this question since
3 Barbra and Johnny could be characters from various media
4 sources. Without knowing the specific story, book, movie,
5 or show they’re from, I cannot provide an accurate answer
6 about their motivation for traveling to Pennsylvania.
7 Let me seek clarification about the source material.

Agent 2

8 This question requires us to identify the source material
9 first. Barbra and Johnny sound like character names that

10 could appear in literature, film, or television. We need
11 to work together to determine which specific work
12 features these characters and their journey to Pennsylvania.

Agent 3

13 Let me think about this systematically. Barbra and
14 Johnny traveling to Pennsylvania. . . this sounds familiar
15 from classic horror cinema.

Agent 4

16 Building on that thought, these names in the context of
17 Pennsylvania travel suggest a specific narrative framework,
18 likely from a well-known story or film.

Agent 5

19 I believe I can identify the source. Barbra and Johnny
20 are characters from the classic 1968 horror film “Night
21 of the Living Dead.” In the movie, they are traveling
22 to Pennsylvania to visit a cemetery and place flowers on
23 their father’s grave. ▶Correct here
24 This trip to the rural Pennsylvania cemetery becomes the
25 setting where they first encounter the zombie outbreak.
26 The journey to Pennsylvania is significant because it
27 serves as the catalyst for the entire horror scenario
28 that unfolds in the movie.
▶CONTEXT COLLAPSE “father” → “mother” — detail lost in con-

versational flow

29 ANSWER: Barbra and Johnny are heading to Pennsylvania
30 to visit their mother’s grave and pay their respects
31 at the family cemetery.

Figure 15: Case Study #2 (NarrativeQA): Plain-text
agentic communication. Agent 5 correctly identifies
“father” (Line 21) but the final answer contradicts it
with “mother” (Line 28)—critical details collapse in
unstructured conversational flow.

• |LT |: Length of a trajectory (number of se-
quential steps)

As we can observe, with Brute-Force the com-
plexity is exponential in trajectory-length however
with our method it is constant time.

A.8 Distribution of Structures
We analyze the structures by their percentage use as
well as the top-5 formats for top-10 tasks by their
percentage of use in train+test set. The distribution
is in figures 21, 22, 23, 24, 25, 26, 27, 28

A.9 Novelty and Diversity of
Structures/Formats Detected

A.9.1 Adaptive Format Selection Mechanisms
The observed patterns in novel task and format
discovery reveal sophisticated adaptive selection
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✓ STRUCTURED → Correct Answer
User

1 Why are Barbra and Johnny heading to Pennsylvania?

Agent 1

♦STATE MACHINE Explicit entity tracking prevents detail loss

2 state_machine {
3 "current_state": "uncertain",
4 "entities": [
5 {"name": "Barbra", "role": "character"},
6 {"name": "Johnny", "role": "character"}
7 ],
8 "action": {"type": "query",
9 "details": {"subject": "situation origin",

10 "context_needed": true,
11 "examples": ["book","movie","TV show"]}},
12 "information_status": {
13 "known": ["heading to Pennsylvania"],
14 "unknown": ["reason for travel",
15 "origin of situation"]}}

Agent 2

♦COLLABORATIVE INQUIRY PROTOCOL Directed information gath-
ering

16 Initiator: agent2 → Recipient: agent3
17 Query: In which book, movie, or TV show are Barbra
18 and Johnny featured?
19 Objective: Collaboratively identify the media source.

Agent 3–4

20 Barbra + Johnny → Pennsylvania

Agent 5

21 Narrative: Barbra and Johnny are characters from the
22 film “Night of the Living Dead.” They are heading to
23 Pennsylvania to visit the gravesite of their father.
24 Analytical Insight: This journey sets the stage for
25 the unfolding events, highlighting themes of family
26 ties and impending danger.
27 ANSWER: Barbra and Johnny are heading to
28 Pennsylvania to visit the gravesite of their
29 father, as depicted in “Night of the Living Dead.”

Figure 16: Case Study #2 (NarrativeQA): Structured
agentic communication via OPTiMACS. The state ma-
chine (Lines 2–15) preserves entities and their attributes
through explicit tracking fields, preventing the father/-
mother context collapse seen in plain text.

mechanisms operating within the proposed method.
The algorithm demonstrates format economy
principles, where fewer new formats are gener-
ated when sufficient performance thresholds are
achieved (Han et al., 2025).

A.9.2 Dataset-Specific Adaptation Patterns

The algorithm demonstrates domain-aware for-
mat selection. For Mathematical Reasoning
(GSMPlus), the highest format exploration sug-
gests that structured mathematical problems benefit
from diverse representational formats (Liu et al.,
2024a). In Reading Comprehension (Narra-
tiveQA), moderate format generation (o3: 111
new formats) indicates that narrative understand-
ing tasks require balanced format diversity with-
out excessive exploration. For Factual QA (Wik-
ihopQA/HotpotQA), lower format diversity sug-

× PLAIN TEXT → Incorrect Answer
User

1 Are the directors of both films Mamay (film) and Dark
2 Mountain (film) from the same country?
3 Options: Shima (film), Paul Kingsnorth, William Berke,
4 California Winter, I Want Your Love (film), Dark Mountain
5 (film), A Kind of America, Bombay Dreams (film),
6 Oles Sanin, Mamay (film)

Agent 1

7 I need to identify the directors of both “Mamay” and
8 “Dark Mountain” films, then determine their countries of
9 origin to see if they match. Let me start by gathering

10 information about these two films.

Agent 2

11 I’ll help research the directorial information for both
12 films. We need to establish who directed each movie and
13 then compare their nationalities or countries of origin.

Agent 3

14 Let me work on identifying the directors systematically.
15 I need to find reliable information about both films to
16 make an accurate comparison of their directors’ origins.

▶CIRCULAR REASONING Agents 4–7 repeat information-gathering
without progress tracking

Agent 4

17 Based on my research, “Mamay” was directed by Oles
18 Sanin, who is from Ukraine. However, I need more
19 information about the director of “Dark Mountain.”

Agent 5–7

20 I can help complete this analysis. . . [repeats request
21 for “Dark Mountain” director information]
22 Now I have partial information. Oles Sanin from Ukraine
23 directed “Mamay,” but I still need to confirm. . .
24 Let me continue the investigation. . .

Agent 8

25 “Dark Mountain” was directed by William Berke, an
26 American filmmaker. Oles Sanin is from Ukraine, William
27 Berke is from the United States. Therefore, the directors
28 are from different countries. ▶Correct here

▶CONTRADICTORY CONCLUSION Reasoning contradicts own find-
ing

29 ANSWER: No, the directors are from the same
30 country—both are from Eastern Europe.

Figure 17: Case Study #3 (WikihopQA): Plain-text
agentic communication. Agents loop through repetitive
information-gathering (Lines 16–25) without systematic
progress tracking, ultimately producing a contradictory
conclusion (Line 30 vs. Lines 26–29).

gests these tasks reach format saturation quickly,
where additional formats provide diminishing re-
turns (Wu et al., 2024).

A.9.3 Early Stopping Mechanisms in Format
Discovery

The observed format distribution patterns indicate
adaptive threshold-based stopping criteria (Ola-
mendy, 2023). The algorithm likely implements
performance-based termination, stopping the gen-
eration of new formats when accuracy improve-
ments plateau; computational budget constraints
that limit exploration based on available resources
(Snell et al., 2024); and model-specific thresholds
that adjust stopping criteria based on base model
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✓ STRUCTURED → Correct Answer
User

1 Are the directors of both films Mamay (film) and Dark
2 Mountain (film) from the same country?
3 Options: Shima (film), Paul Kingsnorth, William Berke,
4 California Winter, I Want Your Love (film), Dark Mountain
5 (film), A Kind of America, Bombay Dreams (film),
6 Oles Sanin, Mamay (film)

Agent 1

♦COLLABORATIVE INQUIRY PROTOCOL Structured information re-
quest

7 Inquiry: What is the country of origin for the directors
8 of “Mamay (film)” and “Dark Mountain (film)”?
9 Request for Information: Provide the country of origin

10 for the directors of both films mentioned.

Agent 2

11 P(country_of_origin_director_Mamay) = ?
12 P(country_of_origin_director_DarkMountain) = ?
13 P(same_country_directors) = ?

Agent 3

14 Inquiry: Determine the country of origin for directors
15 of “Mamay” and “Dark Mountain.”
16 Objective: Ascertain if both directors originate from
17 the same country.

Agent 4

♦TIMELINE-COMPARISON MATRIX Systematic tracking prevents cir-
cular reasoning

18 | Film Title | Director | Country |
19 |—————|———–|————|
20 | Mamay | Oles Sanin| Ukraine |
21 | Dark Mountain | Unknown | Unknown |

Agents 5–7

22 [Structured inquiry continues to fill the matrix. . . ]

Agent 8

♦COLLABORATIVE INSIGHT MAP Structured comparison yields an-
swer

23 Film Comparison:
24 Dark Mountain – Director: Tara Anaïse
25 Country: United States
26 Mamay – Director: Oles Sanin
27 Country: Ukraine
28 Insight: Directors are from different countries.

29 ANSWER: Oles Sanin

Figure 18: Case Study #3 (WikihopQA): Structured
agentic communication via OPTiMACS. The Timeline-
Comparison Matrix (Lines 22–25) provides systematic
progress tracking that prevents circular reasoning, and
the Collaborative Insight Map (Lines 29–34) enables
structured comparison for a correct conclusion.

capabilities.

A.9.4 Theoretical Justification
The format selection behavior aligns with multi-
armed bandit optimization principles, where
the algorithm balances exploration of new formats
against exploitation of proven structures (Afshar
et al., 2019). The method demonstrates Efficient
Resource Allocation, where advanced models (o3)
receive higher format budgets due to their abil-
ity to effectively utilize diverse structures. It also
shows Convergence Properties, as the algorithm
exhibits format convergence on simpler tasks

× PLAIN TEXT → Incorrect Answer
User

1 The combined age of Peter, Paul and Jean is 0.1 times
2 of one thousand years old. Find the age of Peter knowing
3 that Paul is 0.1 times of one hundred years older than
4 John and that Peter’s age is equal to the sum of Paul
5 and John’s age.

Problem Solver
6 Let me work through this step-by-step. Given:
7 Combined age = 0.1 × 1000 = 100 years total.
8 Paul is 0.1 × 100 = 10 years older than John.
9 Peter’s age = Paul’s + John’s age.

10 Let P = Peter, Pa = Paul, J = John:
11 1) P + Pa + J = 100
12 2) Pa = J + 10
13 3) P = Pa + J
14 From (3) into (1): (Pa+J) + Pa + J = 100
15 ⇒ 2Pa + 2J = 100 ⇒ Pa + J = 50
16 From (2): (J+10) + J = 50 ⇒ 2J = 40 ⇒ J = 20
17 Therefore: John=20, Paul=30, Peter=50.

Verifier
18 I need to verify this solution by checking all the
19 original conditions. The approach appears systematic.

Coder
20 Solving the system programmatically yields:
21 John=20, Peter=50, Paul=30.

Verifier
22 Final verification:
23 Condition 1: 50+30+20=100 ✓
24 Condition 2: 30−20=10 ✓
25 Condition 3: 50=30+20 ✓

▶VERIFICATION BLINDNESS All checks pass with 50, but answer
says 45

26 All conditions are satisfied. However, upon reviewing
27 the problem statement more carefully, I notice there
28 might be an interpretation issue. . .
29 ANSWER: 45

Figure 19: Case Study #4 (GSM+): Plain-text agentic
communication. Despite correct algebraic reasoning
(Lines 6–18) and successful verification (Lines 23–25),
the final answer of “45” (Line 30) contradicts the ver-
ified result of “50”—NL reasoning lacks systematic
validation checkpoints.

Table 5: Total and New tasks and structures discovered
for this dataset. Since we use same tasks and structures
for WikiHopQA and HotpotQA, the new tasks for these
is 0.

LLM Method GSMPlus WikihopQA HotpotQA NarrativeQA
GPT-4o Total Tasks 89 4 6 17

Total Formats 147 83 64 57
New Tasks 79 NA NA 0

New Formats 105 41 11 15
o3 Total Tasks 36 4 6 51

Total Formats 402 147 51 153
New Tasks 33 NA NA 44

New Formats 360 105 9 111

(WikihopQA/HotpotQA) while maintaining for-
mat divergence on complex reasoning tasks (GSM-
Plus). Finally, it displays Adaptive Complexity
Matching, with format diversity scaling with task
complexity, suggesting the algorithm implements
complexity-aware format selection mechanisms.
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✓ STRUCTURED → Correct Answer
User

1 The combined age of Peter, Paul and Jean is 0.1 times
2 of one thousand years old. Find the age of Peter knowing
3 that Paul is 0.1 times of one hundred years older than
4 John and that Peter’s age is equal to the sum of Paul
5 and John’s age.

Problem Solver

♦ASSUMPTION BLOCK Explicit premises prevent misinterpretation

6 Assumption
7 A1. Combined age = 0.1 × 1000 = 100 years
8 A2. Paul is 0.1 × 100 = 10 years older than John
9 A3. Peter’s age = Paul’s age + John’s age

10 Variable
11 P = Peter’s age; Pa = Paul’s age; J = John’s age

♦ INFERENCE CHAIN Traceable algebraic derivation

12 Inference
13 1. Equations: P+Pa+J=100; Pa=J+10; P=Pa+J
14 2. Substitute: P=(J+10)+J=2J+10
15 (2J+10)+(J+10)+J=100 → J=20
16 3. Pa=30, P=50
17 Conclusion: Peter=50, Paul=30, John=20

Verifier

18 LogicBlock Outline
19 1. Solver: clear system of equations, P=50
20 2. Pending: Coder verification required
21 3. Verdict: on hold until all steps complete

Coder

22 ReasoningLedger:
23 Step: “Verify via SymPy system of equations”
24 Code Result: {J:20, P:50, Pa:30}

Verifier

♦VERIFICATION CHECKPOINT Systematic condition-by-condition
validation

25 Reasoning-Gap-Report:
26 checks:
27 1. Combined age: 50+30+20=100 ✓
28 2. Paul older than John: 30−20=10 ✓
29 3. Peter = Paul+John: 50=30+20 ✓
30 gaps_detected: []
31 conclusion: “Peter’s age is uniquely determined.”

32 ANSWER: 50

Figure 20: Case Study #4 (GSM+): Structured agentic
communication. ASSUMPTION BLOCKS (Lines 7–12)
make premises explicit, INFERENCE CHAINS (Lines
14–19) provide traceable derivation, and a VERIFICA-
TION CHECKPOINT (Lines 29–34) ensures systematic
validation—the structured answer of “50” is consistent
throughout.

A.10 Style Transfer Metrics

The structuring process can be conceptualized as
converting text from one style (natural language)
to another style (structured formats). Style transfer
is an important problem in natural language pro-
cessing, which aims to control certain attributes
in the generated text while preserving content (Li
et al., 2018; Jin et al., 2022). We introduce three
novel metrics for evaluating this transformation:
Natural-Language to Format Entailment (NL2FE),
Format to Natural-Language Entailment (F2NLE),
and Bi-directional Entailment (BiE). Entailment is

Table 6: Metrics of Style Transfer measured in terms
of average uni-directional and bi-directional entailment
scores.

Model Dataset BiE NL2F F2NL
GPT-4o HotpotQA 0.5401 0.5134 0.6045
GPT-4o WikihopQA 0.641 0.6162 0.685
GPT-4o NarrativeQA 0.7969 0.8139 0.8067
GPT-4o GSM+ 0.5806 0.6102 0.5958

o3 HotpotQA 0.6484 0.5478 0.7861
o3 WikihopQA 0.6078 0.5408 0.7006
o3 NarrativeQA 0.6842 0.5972 0.813
o3 GSM+ 0.6468 0.5619 0.7666

computed using RoBERTa fine-tuned for Natural-
Language Inference (Liu et al., 2019; Williams
et al., 2018). For F2NLE we give true if probability
of inference of NL message from Formatted mes-
sage is more than probability of neutral or contrast,
similarly for NL2FE we assign true if probabil-
ity of inference of Formatted message from NL
message is more than probability of neutral or con-
trast. For each data point (query), we compute the
average per interaction and then report the aver-
age of this value across the test set. Our proposed
metrics provide insights into the information loss
that occurs when converting a message from one
format to another, and help explain why certain
structural representations may be more effective
than others (Krishna et al., 2020).

We find that the NL2F scores are relatively
lower than F2NL scores, indicating that natural
language successfully entails the structured format
(NL→F) but the structured format does not fully
entail natural language (F→NL). This asymmet-
ric entailment pattern demonstrates that structured
representations achieve mutual information gain
(w.r.t task) through systematic ambiguity reduction,
where F captures essential information from NL,
required for the task, while containing additional
disambiguated content beyond what was explicitly
present in the original natural language (Shannon,
1948; Kamp and Reyle, 1993; Montague, 1974;
Pierce, 1992). The BiE scores, reflecting this con-
trolled information enhancement, confirm that for-
malization processes transforms ambiguous natural
language into precision-enhanced structured repre-
sentations (Cover and Thomas, 1999; Barwise and
Perry, 1983).

25



Figure 21: HotpotQA Structures

Figure 22: HotpotQA Tasks

Figure 23: WikiHopQA Structures
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Figure 24: WikiHopQA Tasks

Figure 25: NarrativeQA Structures

Figure 26: NarrativeQA Tasks
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Figure 27: GSM+ Structures

Figure 28: GSM+ Tasks
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Figure 29: Entailment relationships in style-transfer
metrics showing bidirectional evaluation (BiE), natural
language to format evaluation (NL2FE), and format to
natural language evaluation (F2NLE) between premise
and hypothesis components.

A.11 Prompts

This section provides the detailed prompt templates
used by OPTiMACS for task classification and for-
mat selection. The prompt for task selection is
provided in fig. 30 and that for application of the
format for given task is in fig. 31.

Task Selection with State Expansion (Expansion Phase)

System Role

You are a Task Classification Expert specialized in analyzing com-
munication between AI agents.
Your job is to precisely identify the specific type of task being per-
formed in a message, using a fine-grained classification approach
that goes beyond basic categories.

IMPORTANT: Avoid generic classifications like “general” or
“query”. Identify the most precise and specific task category. If
multiple task types are present, identify the primary task and list
secondary tasks separately.

Input Variables

Source Agent: {source} Description: {source_description}
Target Agent: {target} Description: {target_description}
Message Content: {message}
Task Taxonomy: {task_taxonomy}

Instructions: If no exact match exists, create a more specific sub-
category. Be SPECIFIC and PRECISE. Consider the relationship
between agent roles and capabilities when determining the task type.

Figure 30: Task Selection with State Expansion (Expan-
sion Phase) Prompt Template. The system role defines
the classification objective, input variables provide agent
context, and instructions enforce specificity over generic
labels.

A.12 Single-Agent Setting

A.12.1 Format Selection Strategies
We define a comprehensive set of K = 14 distinct
format selection strategies S = {s1, s2, . . . , s14},
each providing a different approach for choosing
which prompt formats to evaluate for a given query

Format Application

System Role

You are a message formatting expert. Your job is to format mes-
sages according to specific format specifications while preserving
the original information.

Focus Areas

1. Following the format specification exactly
2. Preserving all the original information
3. Ensuring clarity and readability
4. Using efficient, concise representation

Input Variables

Original Message: {message}
Format Specification: {format_spec}

Output: Return only the formatted message, nothing else.

Figure 31: Format Application Prompt Template. The
system role defines the formatting objective, focus areas
specify quality criteria, and input variables provide the
message and target format specification.

q with task t. Let F denote the set of available
prompt formats, St[k] the score of format k for
task t, and Ut[k] the usage count of format k for
task t.

Score-Based Selection Strategies

1. Sampled from Score-Table (s1): Samples
formats proportionally to their task-specific
scores:

P (fk | t) =
St[k]∑
j∈F St[j]

, f ∼ P (· | t)

(5)

2. Inverse Frequency - Task (s2): Prioritizes
less-used formats for the current task:

P (fk | t) =
1/Ut[k]∑
j∈F 1/Ut[j]

, f ∼ P (· | t)

(6)

3. Sampled Mixed - Task-Frequency Score
(s3): Averages normalized scores across all
tasks:

S̄[k] =
1

|T |
∑
t∈T

St[k]

maxj St[j]
(7)

P (fk) =
S̄[k]∑
j S̄[j]

(8)

4. Sampled Mixed - Format Score (s4): Aver-
ages raw scores across all tasks without nor-
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malization:

S̄[k] =
1

|T |
∑
t∈T

St[k] (9)

P (fk) =
S̄[k]∑
j S̄[j]

(10)

Frequency-Based Selection Strategies

5. Inverse Frequency - Global (s5): Prioritizes
globally under-explored formats:

Uglobal[k] =
∑
t∈T

Ut[k], (11)

P (fk) =
1/Uglobal[k]∑
j 1/Uglobal[j]

(12)

6. Frequency - Global (s6): Prioritizes fre-
quently used formats across all tasks:

P (fk) =
Uglobal[k]∑
j Uglobal[j]

(13)

7. Random (s7): Uniformly samples from all
available formats:

P (fk) =
1

|F|
, ∀k ∈ F (14)

LLM-Guided Selection Strategies For LLM-
guided strategies, we use a meta-LLMM to sug-
gest format selections. Let Rt[k] = (St[k], Ut[k])
denote the performance record for format k on task
t.

8. LLM-Task (s8): LLM suggests formats
based on task description:

Fselected =M(task_desc(t)) (15)

9. LLM-Query (s9): LLM suggests formats
based on the specific query:

Fselected =M(q) (16)

10. LLM-Task with Performance Feedback
(Task) (s10): LLM considers task and task-
specific format performance:

Fselected =M(task_desc(t), {Rt[k]}k∈F )
(17)

11. LLM-Query with Performance Feedback
(Task) (s11): LLM considers query and task-
specific format performance:

Fselected =M(q, {Rt[k]}k∈F ) (18)

12. LLM-Task with Performance Feedback
(Global) (s12): LLM considers task and
global format performance:

Rglobal[k] =
∑
t′∈T

Rt′ [k] (19)

Fselected =M(task_desc(t), {Rglobal[k]}k∈F )
(20)

13. LLM-Query with Performance Feedback
(Global) (s13): LLM considers query and
global format performance:

Fselected =M(q, {Rglobal[k]}k∈F ) (21)

14. Natural Language (s14): Direct natural lan-
guage description of the task to guide format
selection:

Fselected =M(nl_desc(t, q)) (22)

Each strategy si represents a different hypothesis
about which format selection approach will be most
effective, ranging from purely statistical methods
to LLM-guided intelligent selection incorporating
historical performance data.

A.12.2 Problem Formulation and Score-Based
Learning

Given a query q and a task category t ∈ T , where
T is the set of all task categories, our objective is
to identify the optimal prompt format f∗ ∈ F that
maximizes the probability of obtaining a correct
response.

For each task t, we maintain a score table St ∈
R|F| where St[k] represents the cumulative perfor-
mance score for format fk on task t. We employ
a parallel exploration strategy that evaluates mul-
tiple formats simultaneously for each query qi at
epoch e. The formats are selected using one of the
strategies sj ∈ S:

Feval = sj(q, t, St, Ut) (23)

where Feval is the set of formats chosen for par-
allel evaluation.
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For each evaluated format fk ∈ Feval, we obtain
a response rk and compute a binary correctness
indicator:

δk =

{
1 if rk matches ground truth
0 otherwise

(24)

The score table is updated using an additive re-
ward scheme:

St[k]← St[k]+δk ·w, Ut[k]← Ut[k]+1 (25)

where w > 0 is a reward weight (typically
w = 1). This allows the system to aggregate ev-
idence across multiple queries and epochs, grad-
ually identifying which formats perform best for
each task category.

A.12.3 Multi-Strategy Meta-Learning
The OPTiMACs evaluates all K = 14 selection
strategies in parallel for each query. For a given
query q with task t, we execute:

14⋃
j=1

F (j)
eval =

14⋃
j=1

sj(q, t, St, Ut) (26)

This parallel evaluation across strategies allows
the system to:

1. Compare the effectiveness of different selec-
tion philosophies (score-based vs. frequency-
based vs. LLM-guided)

2. Identify task-specific preferences for certain
selection strategies

3. Maintain exploration through diverse selec-
tion mechanisms

Over multiple epochs e ∈ {1, 2, . . . , E}, the
score table evolves as:

S
(e+1)
t = S

(e)
t +

∑
qi∈Q

(e)
t

14∑
j=1

∑
fk∈F

(j,i)
eval

δ
(i)
k ·w (27)

where Q(e)
t denotes the set of queries with task

t in epoch e, and F (j,i)
eval represents the formats se-

lected by strategy sj for query qi.

A.12.4 Convergence and Optimal Format
Identification

The expected performance of the OPTiMACs sys-
tem on task t after n queries is:

E[Accuracyt] =
1

n

n∑
i=1

P(correct | qi, f∗
t (i))

(28)
where f∗

t (i) represents the best-performing for-
mat at query iteration i:

f∗
t (i) =fk∈F S

(i)
t [k] (29)

The system is considered converged for task t
when the optimal format exhibits clear separation
from alternatives:

max
k ̸=k∗

|St[k
∗]− St[k]| > τ (30)

where k∗ =k St[k] and τ > 0 is a separation
threshold that ensures the optimal format is clearly
distinguished from alternatives.
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