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Abstract

Recently, various excellent and powerful large
language models (LLMs) have been utilized
to solve a wide range of human problems.
However, when faced with complex problems,
most users are often unable to provide accurate
and effective prompts to interact with LLMs,
thus limiting their performance. To address
this challenge, we propose Prompt-R1, an end-
to-end reinforcement learning framework that
utilizes a small-scale LLM (as agent) to col-
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laborate with large-scale LLMs (as environ-
ment), replacing users to interact better. This
collaboration is presented as a multi-turn in-
teraction, where the small-scale LLM thinks
and generates prompts, and the large-scale
LLM performs complex reasoning. A double-
constrained reward is designed to optimize cor-
rectness and quality of generation. Prompt-
R1 provides a plug-and-play framework that
supports both inference and training with var-
ious large-scale LLMs. Experimental results
on twelve datasets show that Prompt-R1 sig-
nificantly outperforms baseline LL.Ms across
various tasks. Our code is available at https:
//github.com/QwenQKing/Prompt-R1.

1 Introduction

In recent years, large language models have been
widely applied to assist humans in completing var-
ious complex real-world tasks (Wei et al., 2025;
Feng et al., 2025). Despite their abilities in under-
standing, reasoning, calculation, and generation,
most users fail to fully utilize LLMs, especially
in deep reasoning (Zhang et al., 2025b), adaptive
responses (Yao et al., 2024), and multi-turn interac-
tion tasks (Luo et al., 2025b; Zhang et al., 2025c).
This is mainly due to users’ ineffective construc-
tion and adjustment of prompts, limiting LLMs’
performance in complex reasoning and dynamic
tasks (Do et al., 2024; Wen et al., 2023; Prakash
et al., 2025). Further, the applicability of LLMs to
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reat assistant. | Q Think: Okay, the user is asking for the greatest integer ...... T should
I Youcan e ! BYR)) | start by providing this explanation and then use the tool to gt ...
| ‘
Prompt-R1 | ! Prompt: We ...... This is done by counting how many times 2 appears
Agent | ! as a factor in each number from 1 to 20, then summing these counts.
i )
[ Response: To find the highest power of 2 that divides \( 20! 1), we can |
Molti-Turn use the formula which sums the integer divisions of \(n\) by powers of
- 2 $\( 201 AL A
Prompt Prompt Response |2 ..... Thus, the highest power of 2 that divides \( 20! ) is \( 2*{18} \). =3
interaction
Q Think: Oay, ...... The calculation steps were correct: 10 (from 20/2)
@ +5 (from 20/4) + 2 (from 20/8) + 1 (from 20/16) = 18. Since ......
L Scale LIM Prompt: The ...... The steps sum 10 (from 20/2) + 5 (from 20/4) + 2
g ; (from 20/8) + 1 (from 20/16) = I8. Since 20/32 is 0.625, which ......
7 Response: You are correct! The calculation reveals that the highest |
. power of 2 that divides \( 201 \) is indeed \( 2*{18} \). Each step
ez roperly follows ...... Therefore, the greatest integer \( k \) such ...... %
© @ prop L 2 .
3 Q Think: Okay, the ...... provided the correct method, ...... The
ge?a GXR)) | celculation steps were correct: ... The sum s 18, so the answer is
18. ...... No errors in the calculation, so the final answer is 18.
Answer: 18

Figure 1: An example of a Prompt-R1 agent working
with a large-scale LLM. The agent obtains the correct
answer by interacting with the LLM step by step.

tasks restricts their performance (Ong et al., 2025).
Enhancing LLM’s prompt understanding and adapt-
ability is therefore crucial (Zhang et al., 2025a).

To address these issues, methods based on
prompt engineering and fine-tuning have emerged.
For prompt engineering-based methods, structured
prompting, including chain-of-thought (CoT) (Wei
et al., 2022) and least-to-most prompting (Zhou
et al., 2022), and automatic prompt optimiza-
tion, such as dynamic prompt corruption (Fan
et al., 2025) and TRPrompt (Nica et al., 2025),
enhance LLMs’ reasoning, generalization, and
adaptation without fine-tuning. In addition, fine-
tuning optimization methods such as Low-Rank
Adaptation (LoRA) (Hu et al., 2022), adapter tun-
ing (Huang et al., 2024b), and instruction tun-
ing (Liao et al., 2024) improve LLMs’ adaptabil-
ity to task-specific instructions. Furthermore, re-
inforcement learning-based methods (Luo et al.,
2025a) enhance LLMs through continuous feed-
back, particularly in complex reasoning and multi-
turn interaction tasks (Cao et al., 2024). These
methods significantly improve the prompt under-
standing and task adaptability for LLMs.
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Figure 2: Comparison of different methods for improving LLMs’ performance: human-LLM interaction, prompt
engineering, fine-tuning optimization, and our collaborative automatic prompting interaction framework Prompt-R1.

However, these methods still face several chal-
lenges: (i) Ability limitations of small-scale
LLMs. Small-scale LLMs have limited understand-
ing and generation capabilities and struggle with
long-range dependencies and complex reasoning,
limiting their effectiveness in deep comprehension
and multi-turn tasks (Luo et al., 2025¢). (ii) High
optimization cost for large-scale LLMs. Fine-
tuning large-scale LLMs requires significant com-
putational and storage resources, while official API-
based approaches require a large amount of prompt
engineering, lack adaptive dynamic optimization,
and incur high costs (Wang et al., 2025). (iii)
Complexity and limited adaptability of large-
small-scale LLM collaboration. Current methods
rely on APIs, redundant layers, and cumbersome
prompt engineering, increasing costs and reducing
collaboration efficiency of small-scale LLMs and
large-scale LLMs in dynamic, multi-task environ-
ments (Zhang et al., 2025e).

To address these challenges, we propose Prompt-
R1 (see Figure 1), a collaborative automatic
prompting framework for the small-scale LLM and
large-scale LLM enhanced by end-to-end reinforce-
ment learning (RL) (Guo et al., 2025), supporting
plug-and-play for diverse large-scale LLMs. In this
proposed framework, the small-scale LLM acts as
an agent through multi-turn prompts interacting
with the large-scale LLM as the environment, op-
timizing prompts and accomplishing tasks better.
A double-constrained reward is designed to boost
the generation quality and accuracy for the small-
scale LLM, while a plug-and-play architecture sim-
plifies coordination and removes API dependency.
Prompt-R1 provides a resource-efficient, adaptable,
portable, and scalable collaborative paradigm for
the small-scale LLM and the large-scale LLM.

We evaluate Prompt-R1 on four tasks: multi-
hop reasoning, standard question-answering (QA),
mathematical computation, and text generation. Ex-
perimental results show Prompt-R1 enhances gen-
eration quality and reasoning accuracy through this
reinforcement learning-driven multi-turn prompt
interaction framework, surpassing baselines and
current methods (see Figure 2). While strength-
ening the large-scale LLM’s reasoning abilities,
Prompt-R1 also improves the abilities of small-
scale LLMs. Further, it can adapt across tasks with-
out task-specific fine-tuning, demonstrating broad
adaptability and strong practical potential.

2 Related Work

In this section, we review the current approaches
for enhancing the performance of LLMs, including:

Automatic Prompting Optimization. Auto-
matic prompt optimization (APO) enhances LLM
accuracy and generalization (Liu et al., 2025;
Zhang et al., 2025d; Asawa et al., 2025). Prompt
Optimization with Textual Gradients (Pryzant et al.,
2023) utilizes natural-language gradients with
beam search and bandits to optimize prompts;
TextGrad (Yuksekgonul et al., 2024) applies tex-
tual gradients, allowing small LLMs to leverage
larger-LLM feedback. Optimization by PROmpt-
ing (OPRO) (Yang et al., 2023) treats LLM as
an optimizer to refine prompts; Genetic-Pareto
(GEPA) (Agrawal et al., 2025) mutates candidates
and Pareto-selects prompts without weight updates.
Residual Optimization Tree (Zhou et al., 2025)
adds residual connections to diversify prompts and
curb drift, improving its performance. These data-
and feedback-driven methods enable exploration
without fine-tuning and improve accuracy and scal-
ability (Sun et al., 2023; Xiao et al., 2025).
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Figure 3: An overview of the Prompt-R1 framework. A small-scale LLM (as agent) interacts with a large-scale

LLM (as environment) to answer questions through multi-turn prompts. The large-scale LLM is plug-and-play.

Reinforcement Learning for LL.Ms. Reinforce-
ment learning (Zhang et al., 2026; Tang et al., 2025)
is crucial for improving LLMs in terms of align-
ment and reasoning (Chaudhari et al., 2025; Gu
et al., 2024). Reinforcement Learning with Human
Feedback, exemplified by InstructGPT, is founda-
tional (Christiano et al., 2017; Ouyang et al., 2022).
Direct Preference Optimization (Rafailov et al.,
2023), Odds Ratio Preference Optimization (Hong
et al., 2024), and Rank Responses with Human
Feedback (Yuan et al., 2023) are single-stage prefer-
ence optimizers. Reinforcement Learning from ar-
tificial intelligence (AI) Feedback (Lee et al., 2024)
and Constitutional AI (Bai et al., 2022) lessen re-
liance on human annotation and improve scalability.
Group Relative Policy Optimization (GRPO) (Guo
et al., 2025) boosts stability and efficiency, while
Agentic RL extends RL to multi-turn and tool-use
scenarios, enabling advanced planning and self-
correction, as in DeepSeek-R1 (Guo et al., 2025).

3 Method: Prompt-R1

In this section, we introduce Prompt-R1 (see Fig-
ure 3). It includes Multi-Turn prompt interaction of
agent and LLLM, double-constrained RL optimiza-
tion reward, and efficient training and inference.

t
vironment L generates a response message 1y -

based on the current history H;_; and the collabo-

rative interaction prompt a?"*™P" from the agent:
L(- | Hy—1,a}™™). (1)

prompt

r};rompt ~

The response r; from the environment L and
the prompt a} fompt. from the agent are added to
update the multi-turn interaction history H;:

Ht Ht 1 EB( prompt Tfrompt) (2)

where @ denotes appending the new prompt-
response pair to the history. Initially, the history is
Hy = [] and the response is 75 """ = @.

(ii) Agent S. The small-scale LLM S acts as
the agent. Initially, S thinks about the question ¢
and the initial prompt template a'™P! (see Table 1),
generating the first round of the reasoning process

i t
athink and interaction prompt a}™*™" for L:

S(- | g,a™).  (3)

Then, the prompt a; is sent to L by .S, and
the response 77" ompt is combined to form the first

round history H; for the next round of interaction.
The Agent State Space 7. The agent state h; is
defined by the multi-turn interaction history of .S.

(i) Initial State (hg). The initial state of S is hy,

(atlhmk7a11)rompt) N

prompt

3.1 Multi-Turn Interaction of Agent and LLM ho = []. The state of the first round / 1 iS basreOcIinO?
qand a'™P!, as well as composed of a{hink, TP,
In Prompt-R1, the small-scale and large-scale and Tprompt The first round state /1y is as follows:

LLMs collaborate to solve problems through multi-
turn interactions. The entire process is as follows:
Agent Initialization. Prompt-R1 adopts a
ReAct-based (Yao et al., 2022) prompt approach.
The initialization of the agent is as follows:
(i) Environment L. The large-scale LLM L is
utilized as the environment in Prompt-R1. The en-

hl — [q@atmpl @atlhink G9a11>r01npt ® prompt] (4)

(ii) State Update (h;). From round 2 onward,
the state update of S depends on h;_1, as well as
consists of a{"k, aP" ™t of S and rP"O"P":

ht [ht 1 @ athmk Da prompt ® Tprompt] (5)

16262



First, provide a simple explanation of the question and give it to the large language model for a more accurate answer. Focus on explaining
the question without deep reasoning in the first step. After receiving the response, think about the large language model’s response, and
by interacting with the large language model again and again, arrive at the final answer. Proceed step by step with the following rules:
<think> (don’t think deeply and no more than 50 words) </think> <interaction_prompt> (give the question and its explanation to the
large language model) </interaction_prompt> After the first step, in each interaction with the large language model, write: <think>
(your reasoning for the receiving response and question) </think><interaction_prompt> (new request to refine or validate the answer)
</interaction_prompt> Each <interaction_prompt> must build on what came before. Do not just repeat the same content. Let the
content of the <interaction_prompt>...</interaction_prompt> evolve naturally (for example: outline — add details — refine —
check). Continue producing think within <think>...</think> and call tool within <interaction_prompt>...</interaction_prompt>
until the answer 1s ready. Once the answer is complete, write: <think> (final reasoning with the <interaction_response> and
question) </think> <answer> (final answer for the question) </answer> Question: .

Table 1: The initial prompt template is utilized by the agent .S to interact with the environment L (large-scale LLM).

(iii) State Representation (F},). The state rep-
resentation Fj,, accumulates the complete interac-
tion history up to round ¢, reflecting all the Mk,
aPrompPt and rPrOMPt - At round ¢, the state Fj,
is updated by combining the previous state Fj,, .,
with the current round’s reasoning process a{""¥, in-

) h t
teraction prompt a}" """, and the response 75" " :

_ think _ prompt prompt
Fhy = Si(Fp,_ys 0™, ag Tt ), (6

The Agent Action Space. The agent S decides
whether to continue reasoning and interacting with
L until the stopping condition is met:

log o (ar | Fy, ,) = logmo(a;™ | Fy, ,)

. @)
+ log 7y (a?mmpt | Fr,_,, aihmk).

During this process, the agent S evaluates its strat-
egy and action probabilities under a stochastic pol-
icy, guiding the trajectory toward the final answer.
The Agent Target (hy, Fj,,, Ap,). After multi-
turn interactions with the environment L, the agent
S will provide the final answer to the question g.
(i) Final State: The interaction ends at round
T, with the final state [}, based on the last his-
tory Hy, which includes the final response 72",
provided to S to generate the final answer Ay, :

Y = arg max my (y | g, atmpl, HT), (®)
yev*

where y is the answer Ay, output by the agent S.
(ii) Final Distribution: The joint distribution of

the multi-turn prompt interaction process for the

agent S and the environment L is as follows:

tmpl) _

Py(tylq,a
T (aghink,a}frompt | q, atmpl) L(Tlfrompt | HO, aﬁ)rompt)

First round: Prompt generation
T
think prompt tmpl
XH(W()(G‘I‘, , Ay |q7a aHt—l))
t=2

First round: Response generation

Subsequent rounds: Prompt generation
prompt prompt
X (L(’r’t | Hy 1,a; ))

Subsequent rounds: Response generation

ans, think tmpl
x 7y (agnal »¥ | ;a0 Hr).

Final answer

€))

where 7 = {(g,a"™P!, aPrompt pprompt) };‘le is
the trajectory for the interactions of the S and L;
g is the prompt policy of the agent S; and Py, is
the conditional distribution of the environment L.

Proposition 1. Multi-turn interactions of the small-
scale LLM and large-scale LLM can better solve
problems.

Proof. We provide experimental results in sections
4.2 and 4.3, the case study in Appendix H, as well
as theoretical proofs in Appendix B.1. 0

3.2 Double-constrained RL Optimization

We optimize the agent’s policy my using a dual-
constraint reward based on format and correctness,
with end-to-end reinforcement learning. The re-
ward R captures both the format compliance and
the answer accuracy at the trajectory level.

Double-constrained Reward. To enforce valid
reasoning steps and correct answers, we define two
components for the output of the agent S: the for-
mat reward Ry and the answer reward Rps.

(i) Format Reward. At round t, both reason-
ing and prompting must be non-empty: M; =
T[afPiek £ & A ™™ £ @], At the final turn,
we also require a parseable, non-empty answer via
Ap, Ay, Oy to ensure completeness and validity:

T-1
Rent = min(k:, aZMt + BA, +vA, + 5C’f)

t=1
(10)

where M; is an indicator ensuring reasoning and
prompting are non-empty, preventing incomplete
responses; A, ensures answer parseability, mean-
ing the output matches the format; A,, guarantees
the non-emptiness of the final answer; C'; enforces
final completeness, ensuring all required compo-
nents are included; The coefficients («, 3, ~, ) bal-
ance intermediate steps with the goal of a complete
answer; and the k is the upper limit of the format
reward, preventing inflation, stabilizing training.
(ii) Answer Reward. Let & = Norm(Ans(y)) be
the normalized predicted answer by the agent .S,
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and G(q) = {g;} the reference set. Normalization
Norm(-) removes case, punctuation, and articles,
while Tok(+) maps text to a multiset of tokens. The
token-level F1 with a reference g is defined as:

2 nn
|Tok(a)| + |Tok(Norm(g))|
where nn is the token overlap count between the

predicted answer and ground truth. The correctness
of the predicted answer (answer reward) is:

F1(a,g) = NG

R = max Fl(a,g). (12)

9€G(q)
(iii) Gated Composition for Double-constrained
Reward. The overall reward R includes the format
reward Ry, and the answer correctness reward
Rans. The calculation of the overall reward R is:

R— {_k+Rfmt+RanSa Rfmt = k, (13)

—k + Rfm, otherwise.

so that the correctness for the output answer my of
the agent is only credited when the format condi-
tions are fully and correctly satisfied.
End-to-End Reinforcement Learning. We
adopt a GRPO-based objective, standardizing re-
wards in a batch of M trajectories. Let R(?) be the
reward of trajectory i, with the mean reward R:

- R® — R
Vi SML (RO — Ry e

where A is the standardized advantage, and € is
a stability constant. The GRPO-based objective is:

A

Al

(14)

LA ]
Jareo(0) = ETNI)eS,eL (m) [M Z (‘T(i)| Z

=1

)
A0y, etipf Zo0e 7<) g
T 014 (wt

min (

mo(wi” | 78)

T (w0} | 78))
x A(rD)) = BuDxw (o || Ter))],

(15)

where py g, (7) is the joint distribution of S and L;
wii) is the t-th token of 7("); and T, and Trer are
the pre-update and reference policies, respectively.
The clip(+) limits policy ratios to 1 + € to stabilize
updates. A KL term Dy (7p || 7ref) regularizes
Tref, With Sg; controlling its strength.
Proposition 2. Reinforcement learning can make
small-scale LLMs better guide large-scale LLMs

to complete tasks.
Proof. We provide experimental results in Section

4.5 and Section 4.6 and theoretical proofs in Ap-
pendix B.2. O

3.3 Efficient Training and Inference

Let the set of available large-scale LLMs (environ-
ment) be M = {my,...,mg}, and let V* repre-
sent the space of finite-length token sequences. The
user question ¢ € V*, the agent S adopts the pol-
icy g (pt|q, a®™P!, H;_1) to produce the turn-t col-
laborative prompt p;, where H;_; is the previous
interaction history. The multi-turn prompt interac-
tion history Hy = {(p1,71),..., (Pt—1,7¢—1)} is
updated as H; = Hy;—1 @ (py,1t), with pg, 7 € V*
as the current prompt-response pair, and the inter-
action history of the agent S and the environment
L is updated accordingly, progressively adapting.
Training. Choose an environment My, € M.
The interaction and history update are as follows:

Pt ~ 7T9(‘ | Q7atmp17Ht—l)a
Ty~ Pémmm)(' | Hi—1,Dpt),
Hy=H; 1 ® (pt,m0),

(16)

where T is the number of interaction turns; after
T'-turns, the agent .S generates the final answer y.

Inference. Choose an environment myeq € M;
optionally define a session-level routing function
p:V*x (V*)* - A(M) and set:

Dt ~ 7T9(‘ | q, atmpl7 Ht—l)a

T~ P]Emw)(' | Hi—1,pt),
Hy=H; 1D (pt,70),

(17)

where A(M) is the probability simplex over M,
and p(m|q) is the probability of selecting a testing
LLM based on the user’s question g. Therefore,
Prompt-R1 unifies heterogeneous LL.Ms by train-
ing with my,in to learn the policy 7y and perform-
ing inference with myg, ensuring compatibility
with a variety of LLMs without altering mg.

Proposition 3. The agent can enhance not only the

LLM used for its training but also other LLMs.
Proof. We provide experimental results in Section

4.4 and theoretical proofs in Appendix B.3. O

4 Experiments

In this section, we present the experimental setup
and results. We address the following research
questions (RQs): RQ1: Does Prompt-R1 outper-
form other methods? RQ2: How is the general-
ization ability of Prompt-R1? RQ3: How is the
transferability of Prompt-R1? RQ4: Does the main
component of Prompt-R1 work effectively? RQS5:
How do the different environments (zero-cost and
overhead-cost) impact Prompt-R1’s performance?
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Dataset Metric Baseline SFT CoT Reasoning GRPO  APO (GPT-40-mini) Ours
Qwen3-4B GPT-40-mini Qwen3-4B Qwen3-4B GPT-40-mini Qwen3-4B OPRO TextGrad GEPA Prompt-R1 (A 1)

2Wiki EM 28.13 33.59 4141 21.88 43.75 3438 25.00 18.75 41.41 48.44 (+14.85)
F1 29.32 36.57 42.62 24.17 49.13 3505 3596 2750 4627 54.41 (+17.84)
Hotpot EM 21.09 33.59 23.44 18.75 42.97 2734 3438 2734 3828 44.53 (+10.94)
P F1 24.25 40.07 31.09 22.98 49.70 32.27 46.83 37.10 47.03 52.31 (+12.24)
GSMSK EM 84.38 83.59 32.03 82.81 84.38 9297 6328 7031 87.50 97.66 (+14.07)
F1 84.38 86.72 32.03 82.81 88.02 9297 83.65 8599 90.10 97.66 (+10.94)
DAPO EM 0.00 18.75 3.13 0.00 20.31 391 6.25 10.16 13.28  26.56 (+7.81)
F1 0.00 18.76 3.13 0.00 20.32 391 6.39 10.27 14.06  26.56 (+7.80)
MusiQue EM 1.56 14.06 7.81 3.13 17.97 8.59 14.06 14.84 15.63  18.75 (+4.69)
F1 5.44 22.06 16.78 6.95 25.39 1390 26.18 24.06 2491  26.31 (+4.25)
PopQA EM 7.03 25.78 7.81 7.03 28.13 7.81 2344 19.53 2734  28.13 (+2.35)
P F1 9.97 30.75 9.53 9.58 32.66 12.27  30.14 28.28 31.18  33.77 (+3.02)
BookSum F1 19.99 20.45 25.47 16.68 11.58 25.88 16.18 25.79  0.00 26.50 (+6.05)
SSim 45.19 57.01 54.55 35.02 56.51 54.21 2322 3495 0.00 60.87 (+3.86)
WP F1 13.06 19.48 15.12 10.20 9.93 8.40 7.81 2207 021 22.11 (+2.63)
- SSim 20.59 35.31 30.86 12.15 30.86 10.41 13.73 2028 0.34 38.54 (+3.23)
EM 23.70 34.89 19.27 22.27 39.59 29.17 2774 26.82 3724  44.01 (+9.12)
Average F1 23.30 34.36 21.97 21.67 35.84 28.08 31.64 3263 31.72 42.45(+8.09)
SSim 32.89 46.16 42.71 23.59 43.69 32.31 1848 27.62 0.17 49.71 (+3.55)

Table 2: Comparison of the selected state-of-the-art baselines and the proposed Prompt-R1 on four tasks, which
consists of multi-hop reasoning (2Wiki: 2WikiMultihopQA, Hotpot: HotpotQA), mathematical computation
(GSMSK, DAPO: DAPO Math), standard QA (MusiQue, PopQA), and text generation (BookSum, W.P.:
WritingPrompts). A 1 is the gap between the Prompt-R1 and the baseline large language model (GPT-40-mini),
where the higher values indicating better performance. Bold values are the best performance. All values are in %.

4.1 Experimental Setup

Datasets. To assess the performance of Prompt-
R1, we conducted training and evaluation on eight
datasets and generalized testing on four out-of-
distribution (OOD) datasets. The twelve datasets
include 2WikiMultihopQA (Ho et al., 2020),
HotpotQA (Yang et al., 2018), GSM8K (Cobbe
et al., 2021), DAPO Math 17K (Yu et al., 2025),
MusiQue (Trivedi et al., 2022), PopQA (Mallen
et al.,, 2023), BookSum (Kryscinski et al.,
2022), and WritingPrompts (Huang et al,
2024a). For generalization evaluation, we used
MathQA (Amini et al., 2019), SQuAD v2 (Ra-
jpurkar et al., 2018), TriviaQA (Joshi et al., 2017),
and XSum (Narayan et al., 2018). More details of
the datasets are illustrated in Appendix D.
Baselines. We compare the Prompt-R1 with
several baselines and state-of-the-art (SOTA) meth-
ods, including SFT (Qwen3-4B), CoT Reasoning
(Qwen3-4B and GPT-40-mini), GRPO (Qwen3-
4B), and APO methods (e.g., OPRO, TextGrad,
and GEPA). More details are in Appendix E.
Evaluation Metrics. In the experiments, we
employed three evaluation metrics for Prompt-R1,
including Exact Match (EM), F1 score (F1), and
Semantic Similarity (SSim). More details of the
three metrics are shown in Appendix F.
Implementation Details. @ We trained the
Prompt-R1 agent using two large-scale LLMs as

the environments: one with an overhead cost (GPT-
40-mini) and the other with zero cost (GPT-OSS-
20B). More details are illustrated in Appendix G.

4.2 Main Results (RQ1)

As illustrated in Table 2, our proposed Prompt-
R1 significantly improves the performance of the
baseline (GPT-40-mini) across eight datasets and
outperforms other baselines, including SFT, CoT,
GRPO, and APO methods. It excels in the four
tasks, including multi-hop reasoning, mathematical
reasoning, QA, and text generation. It achieves the
largest gains in multi-hop reasoning, enhances sta-
bility in mathematical reasoning, and performs ex-
ceptionally well in knowledge retrieval tasks such
as PopQA. In text generation, it consistently im-
proves quality, demonstrating strong robustness.
Overall, these results demonstrate that Prompt-R1
has three major advantages: (i) consistent improve-
ment across tasks, confirming its broad applicabil-
ity; (ii) significantly enhances the performance of
baseline LLMs in complex reasoning tasks; and
(iii) superior stability compared to other baseline
methods, preventing performance collapse.

4.3 Generalization Results (RQ2)

As shown in Table 3, Prompt-R1 consistently out-
performs the baseline methods across the four pub-
lic out-of-distribution datasets, with significant im-
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Dataset Metric

Baseline

SFT

CoT Reasoning

GRPO

APO (GPT-40-mini)

Ours

Qwen3-4B GPT-40-mini Qwen3-4B Qwen3-4B GPT-40-mini Qwen3-4B OPRO TextGrad GEPA Prompt-R1 (A 1)

TriviaQA EM 45.31 63.28 29.69 46.88 67.19 51.56 6094 5469 6563 70.31(+7.03)
F1 48.52 71.34 34.21 50.26 75.81 5598 72.14 6759 7491 7691 (+5.57)
MathQA EM 2891 46.09 17.97 27.34 49.22 46.88  43.75 4453 40.63  52.34 (+6.25)
F1 32.29 54.04 22.66 30.60 57.03 5443 60.08 61.46 6159 61.59 (+7.55)
SQUAD v2 EM 6.25 13.28 5.47 6.25 14.06 10.16 1094 6.25 13.28 19.53 (+6.25)
F1 16.09 25.61 16.18 16.25 25.73 23.10 26.67 22.04 2552 29.28 (+3.67)
XSum F1 16.75 24.35 21.13 8.33 8.92 2198 17.87 2488 0.21 25.76 (+1.41)
SSim 31.73 60.56 55.65 6.81 53.94 52.09 29.47 2845 037  63.02 (+2.46)
EM 26.82 40.88 17.71 26.82 43.49 36.20 38.54 3516 39.85 47.39 (+6.51)
Average F1 28.41 43.84 23.55 26.36 41.87 38.87 44.19 4399 40.56  48.39 (+4.55)
SSim 31.73 60.56 55.65 6.81 53.94 5209 2947 2845 037  63.02 (+2.46)

Table 3: Comparison of the baselines and Prompt-R1 on four OOD datasets, including TriviaQA (multi-hop
reasoning), MathQA (mathematical computation), SQuAD v2 (standard QA), and XSum (text generation).

MusiQue MusiQue

MusiQue

Hotpot Totpot

—— DeepSeek-V3 (with Prompt-R1 Agent)
—— DeepSeek-V3

Grok-4-Fast (with Prompt-R1 Agent)
Grok-4-Fast

LLaMa-4-Maverick (with Prompt-R1 Agent)
—— LLaMa-4-Maverick
MusiQue

MusiQue MusiQue

THotpot Hotpot Hotpot

—+— Quen-Plus (with Prompt-R1 Agent)
—— Qwen-Plus

+~ GPT-5 (with Prompt-R1 Agent)
—— GPT-5

—— Gemini-2.5-Flash (with Prompt-R1 Agent)
—— Gemini-2.5-Flash

Figure 4: The performance of six LLMs without Prompt-
R1 agent is compared to that with Prompt-R1 on eight
datasets, using appropriate metrics. F1: multi-hop rea-
soning (2Wiki, Hotpot) and standard QA (MusiQue,
PopQA); EM: mathematical computation (GSM8K,
DAPO); and SSim: text generation (BookSum, W.P.).

provements in multi-hop reasoning and mathemati-
cal computation tasks, particularly in EM and F1
metrics. While standard QA tasks show some im-
provement, they are limited by baseline perfor-
mance, and text generation shows moderate gains
in structural similarity. Among the baselines, large-
scale LLMs exhibit stronger zero-shot reasoning,
while supervised fine-tuning faces overfitting and
distribution shift issues. CoT reasoning shows in-
consistent results, and automatic prompting opti-
mization methods vary across tasks, reflecting the
complexity of the strategy. Overall, Prompt-R1
demonstrates task-independent effectiveness, espe-
cially in reasoning-intensive tasks, and offers com-
petitive performance without the need for LLM
fine-tuning or a large-scale annotated dataset.

4.4 Work with Other LLMs (RQ3)

The comparisons of six LLMs (e.g., Deepseek-V3,
Grok-4-fast, LLaMA-4-Maverick, GPT-5, Gemini-
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Figure 5: Comparison of the average values of the three
EM, F1, and SSim scores for the selected six LLM
baselines on OOD datasets, as well as the average of
these scores for these LLMs using the Prompt-R1 agent.

2.5-flash, and Qwen-Plus) and their collaboration
with the Prompt-R1 agent across 8 in-distribution
and 4 OOD datasets are shown in Figures 4 and 5.
As shown in Figure 4, on in-distribution datasets,
the Prompt-R1 agent boosts performance in multi-
hop reasoning tasks, with limited gains in mathe-
matical reasoning, reflecting the baseline LLM’s
strengths. The agent’s impact varies across LLMs,
with greater improvements in low-baseline tasks
and diminishing returns in high-baseline tasks. As
shown in Figure 5, on OOD datasets, incorporating
the Prompt-R1 agent leads to substantial improve-
ments in EM, F1, and SSim, especially in SSim,
enhancing semantic coherence. LLMs with weaker
baselines benefit most, confirming the Prompt-R1
agent’s ability to address reasoning weaknesses and
maintain consistent performance across LLMs.

4.5 Ablation Study (RQ4)

As shown in Table 4, Prompt-R1 (Full) per-
forms optimally across all datasets, highlighting
the strong synergy of environment, reinforcement
learning, and the agent. Removing any single com-
ponent significantly reduces performance, with re-
inforcement learning most affected by complex
reasoning tasks. The environment has notably
less impact on mathematical computation, show-
ing clear task-dependent dependencies. In addi-
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Dataset 2Wiki Hotpot GSMS8K DAPO MusiQue PopQA

EM F1 EM F1 EM F1 EM F1 EM F1 EM F1
w/o Env. 41.41 43.48 21.88 2596 9531 95.31 25.00  25.00 2.34 11.63 8.59 10.85
w/o R.L. 1.56 8.86 20.31 2742  84.38 89.41 21.09 22.22 547 10.90 391 9.28
w/o Agent 33.59 36.57 33.59  40.07 83.59 86.72 18.75 18.76 14.06  22.06 25.78 30.75
Prompt-R1 (Full) 4844 54.41 44.53 5231 97.66  97.66  26.56  26.56 18.75  26.31 28.13  33.77
Dataset BookSum W.P. MathQA SQuAD v2 TriviaQA XSum

F1 SSim F1 SSim EM F1 EM F1 EM F1 F1 SSim
w/o Env. 23.34  56.84 18.67 37.83 49.22  57.94 10.16 18.12 39.84 4354 2141 59.87
w/o R.L. 19.38 58.80 17.11 36.65 48.44  58.07 5.47 12.89 4922 56.23 23.61 61.83
w/o Agent 20.45 57.01 19.48 35.31 46.09  54.04 13.28 25.61 63.28 71.34 2435 60.56
Prompt-R1 (Full) 2650 60.87 22,11 38.54 5234  61.59 19.53  29.28 70.31 76.91 25.76  63.02

Table 4: Ablation study of Prompt-R1 (GPT-40-mini as environment) on twelve datasets, including Prompt-R1
(Full), without LLM-as-Environment (w/o Env.), without RL (w/o R.L.), and without Prompt-R1 agent (w/o Agent).

Prompt-Ri (GPT-0SS-20B)
—e— Prompt-Ri (GPT-4o-mini)
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Figure 6: (a-b) Training process and interaction turns of Prompt-R1 agent with different environments. (c-e)
Comparison of different Prompt-R1 agents with environments on average EM, average F1, and average SSim.

Dataset MathQA SQuAD v2 TriviaQA XSum
EM F1 EM F1 EM F1 F1 SSim

0SS 51.56 59.48 7.81 18.75 50.78 59.37 22.77 59.48

40-mini 46.09 54.04 13.28 25.61 63.28 71.34 24.35 60.56

Prompt-R1## 51.56 61.07 10.16 21.28 50.78 59.60 24.14 61.83
Prompt-R1™" 52.34 61.59 19.53 29.28 70.31 76.91 25.76 63.02
Prompt-R17# 53.91 62.63 8.59 20.13 51.56 60.05 22.95 60.84
Prompt-R1#* 52.34 60.29 17.97 27.96 67.19 73.11 25.82 61.83

Table 5: Comparison of different Prompt-R1 agents
with environments and two baseline LLMs (GPT-OSS-
20B: OSS and GPT-40-mini: 40-mini) on four OOD
datasets. Prompt-R1"" (P.-R1"") means both agent and
environment are GPT-40-mini; Prompt-R 1% (P.-R1%#)
means both agent and environment are GPT-OSS-20B;
Prompt-R1°# (P.-R1"#) means the agent is GPT-40-mini
trained and the environment is GPT-OSS-20B; Prompt-
R1#* (P-R1*") means the agent is GPT-OSS-20B trained
and the environment is GPT-40-mini. Underlined values
indicate better performance between the two baselines.

tion, Prompt-R1 (Full) exhibits more stable and
consistent performance on the four OOD datasets,
reflecting strong cross-task generalization ability.
Ablation experiments show that the performance
effectiveness of Prompt-R1 stems from the close
coupling of environment interaction, the learning
mechanisms, and agent decision-making, with vary-
ing component dependencies across tasks, and the
agent-environment configuration should be care-
fully selected based on the task and requirement.

4.6 Different Environment Training (RQS5)

We trained the Prompt-R1 agent in two environ-
ments: GPT-4o0-mini (via official API) and GPT-
OSS-20B (locally deployed). Results in Table 5
and Figure 6 reveal five insights: (i) The zero-
cost LLM (GPT-OSS-20B) as training environment
achieves performance close to the overhead-cost
LLM (GPT-40-mini) alternative; (ii) With GPT-4o-
mini, Prompt-R1 improves faster but is less sta-
ble, while GPT-OSS-20B shows steadier conver-
gence and more efficient feedback; (iii) The agent-
environment interaction framework significantly
enhances reasoning, especially for weaker LLMs;
(iv) The environment, as both reasoning genera-
tor and feedback verifier, has a decisive impact on
performance; (v) Collaboration with the training
environment enhances performance, indicating that
RL can strengthen agent and LLMs’ cooperation.

5 Conclusion

In this work, we propose Prompt-R1 to replace hu-
mans in interacting more effectively with LLMs.
We find 3 key similarities between Prompt-R1
agent and humans: (i) learning from others’ knowl-
edge through communication, (ii) improving com-
munication efficiency with continuous interactions,
and (iii) communication skills can be transferred to
engage effectively with others. We hope Prompt-R1
offers a new approach to human-LLM interaction.

16267



Limitations

In Appendix I, we discuss the limitations of the pro-
posed Prompt-R1. Furthermore, we also provide
the case study in Appendix H.

Ethical Considerations

This research utilizes publicly available datasets
without involving sensitive or personally identifi-
able data. We believe it does not violate any ethics.
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Initial Prompt

Question: (Specific problems or tasks)
First, provide a simple explanation of the question and give it to the large language model for a more accurate answer. Focus on explaining the question without deep
reasoning in the first step. After receiving the response, think about the large language model's response, and by interacting with the large language model again and
again, arrive at the final answer. Proceed step by step with the following rules:
1. Only in the first step, provide a brief explanation of the question and give it to the large language model:
<think>(don't think deeply and no more than 50 words)</think>
<interaction_prompt>(give the question and its explanation to the large language model)</interaction_prompt>
. After the first step, in each interaction with the large language model, write:
<think>(your reasoning for the receiving response and question)</think>
<interaction_prompt>(new request to refine or validate the answer)</interaction_prompt>
3. Each <interaction_prompt> must build on what came before. Do not just repeat the same content. Let the content of the
<interaction_prompt>...</interaction_prompt> evolve naturally (for example: outline — add details — refine — check).
4. Continue producing think within <think></think> and call tool within <interaction_prompt></interaction_prompt> until the answer is ready.
5. Once the answer is complete, write: <think>(final reasoning with the <interaction_response> and question)</think> <answer>(final answer for the question)</answer>

n

Figure 7: The initial prompt template is utilized for the agent (small-scale LLM) to communicate with the
environment (Large-scale LLM).

system:
You are a helpful assistant.
Question: Liza Campbell, is an artist, calligrapher, columnist and writer, born in the north of Scotland, she's the last child of an Earl Cawdor to have been born at which castle, set amid gardens in the parish of Cawdor in Nairnshire, Scotland?

First, provide a simple explanation of the question and give it to the large language model for a more accurate answer. Focus on explaining the question without deep reasoning in the first step. After receiving the response, think about the large

language model's response, and by interacting with the large language model again and again, arrive at the final answer. Proceed step by step with the following rules:
1. Only in the first step, provide a brief explanation of the question and give it to the large language model:

<think>(Brief thinking must not be over 80 words)</think>

<interaction_prompt>(give the question and its explanation to the large language model)</interaction_prompt>
2. After the first step, in each interaction with the large language model, write:

<think>(your reasoning for the receiving response and question)</think>

<interaction_prompt>(new request to refine or validate the answer)</interaction_prompt>
3. Each <interaction_prompt>must build on what came before. Do not just repeat the same content. Let the content of the <interaction_prompt>...</interaction_prompt> evolve naturally (for example: outline — add details — refine — check).
4. Continue producing think within <think></think> and call tool within <interaction_prompt></interaction_prompt> until the answer is ready.
5. Once the answer is complete, write:

<think>(final reasoning with the <interaction_response> and question)</think>

<answer>(final answer for the question)</answer>
Turn 1:
Think: Okay, the user is asking about Liza Campbell, an artist, calligrapher, etc., who is the last child of an Earl Cawdor born at a specific castle in the parish of Cawdor, Nairnshire, Scotland. The question is about identifying that castle. First, [
need to explain the question briefly. The user wants to know which castle in the parish of Cawdor, Nairnshire, Scotland is where Liza Campbell was born. Since she's the last child of an Earl Cawdor, the castle likely belongs to that family. The
answer should be the castle where the Earl Cawdor family resided, specifically in that parish.
Interaction Prompt: The question asks which castle in the parish of Cawdor, Nairnshire, Scotland birthed Liza Campbell, the last child of an Earl Cawdor. The answer is the castle associated with the Earl Cawdor family in that specific parish.
Interaction Response: The castle in the parish of Cawdor, Nairnshire, Scotland that is associated with the Earl Cawdor family and where Liza Campbell, the last child of an Earl Cawdor, was born is Cawdor Castle.
Turn 2:
Think: Okay, the user is asking about Liza Campbell's birthplace, specifically which castle in the parish of Cawdor, Nairnshire, Scotland she was born in. The answer provided is Cawdor Castle. But I need to make sure that's correct. Let me
verify. First, I should confirm that Cawdor Castle is indeed in the parish of Cawdor, Nairnshire. Also, check if it's historically associated with the Earl Cawdor family. Since Liza is the last child of an Earl Cawdor, the castle must be where that
family resided. The answer seems correct, but to be thorough, I can cross-reference these details. If everything matches, then Cawdor Castle is the right answer.
Interaction Prompt: The answer provided is Cawdor Castle. To confirm accuracy, we need to verify that Cawdor Castle is located in the parish of Cawdor, Nairnshire, and historically belonged to the Earl Cawdor family. If both are true, then
Cawdor Castle is the correct answer.
Interaction Response: Yes, both statements are true. 1. **Location**: Cawdor Castle is indeed located in the parish of Cawdor, which is situated in Nairnshire, Scotland. 2. **Historical Ownership**: Cawdor Castle has historically belonged
to the Earl Cawdor family, making it a significant residence for them. Since both criteria are satisfied, Cawdor Castle is indeed the correct answer to your question.
Turn 3:
Think: Okay, the user's question is about Liza Campbell, who is the last child of an Earl Cawdor. They want to know which castle in the parish of Cawdor, Nairnshire, Scotland she was born in.
First, I need to explain the question briefly. The user is looking for a specific castle associated with the Earl Cawdor family in that parish. The answer given was Cawdor Castle, but I need to verify its location and historical ownership.
I checked the location and found that Cawdor Castle is indeed in the parish of Cawdor, Nairnshire. Also, it has a long history with the Earl Cawdor family. Since both points are confirmed, Cawdor Castle is the correct answer. No need for further
steps. The answer is complete.
Interaction Prompt: The verification confirms that Cawdor Castle is in the parish of Cawdor, Nairnshire, and historically belonged to the Earl Cawdor family. Since both criteria are satisfied, Cawdor Castle is the correct answer.
Interaction Response: Yes, that's correct! Cawdor Castle is located in the parish of Cawdor, Nairnshire, Scotland, and it has been historically associated with the Earl Cawdor family. Therefore, your conclusion that Cawdor Castle is the
correct answer is accurate. If you have any more questions or need further assistance, feel free to ask!
Turn 4:
Think: Okay, the user is asking about Liza Campbell's birthplace, specifically which castle in the parish of Cawdor, Naimshire, Scotland she was born in. The answer provided is Cawdor Castle, and the verification confirms that it's correctly
located and historically associated with the Earl Cawdor family. Since both points are confirmed, Cawdor Castle is the right answer. No need for further steps. The answer is complete.
Answer:Cawdor Castle

Figure 8: An illustration of the multi-turn interactions of agent (small-scale LLM) and environment (large-scale
LLM), showing how the agent alternates between reflection and communication, through verification and targeted
evaluation, progressively refining the reasoning process until the answer is obtained.

Appendix subsequent reasoning and guides the trajectory of
. analysis. The agent then engages in iterative ex-
A Prompts Used in Prompt-R1 changes: after each response, it reflects on the out-
A.1 Initial Prompt put, generates prompts for answering questions,
and verifies essential aspects of the information re-
ceived. Through successive rounds of clarification,
the reasoning gradually converges, and the agent
produces a coherent, grounded final answer.

As shown in Figure 7, we adopt the initial prompt
template for the agent (small-scale LLM), where
the agent alternates between internal reasoning in
<think> and communicates with the large-scale
LLM by <interaction_prompt>. The prompts B Theoretical Proof
evolve step by step until the solution is finalized

with a concluding <think> and <answer>. B.1  Proof of Proposition 1

Proposition 1. Multi-turn interactions of the small-
scale LLM and large-scale LLM can better solve
A complete multi-turn interaction between the  problems.

agent (small-scale LLM) and the environment

(large-scale LLM) is illustrated in Figure 8. The  Proof. Letthe answersetbe A = {1,..., M}, and
process begins with an initial interpretation of the = assume the true label Y € A. At the interaction
user’s question, which establishes the context for  round ¢, the agent S' (small-scale LLM) chooses an
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action ay based on the previous prompt interaction
history with the environment L:

H; 1 ={(a1,01),...,(a—1,00-1)}, (18)

where H;_ is the interaction history up to round
t — 1, ag is the prompt at round s, and o, is the
corresponding observation.

The environment (large-scale LLM) L produces
an observation conditioned on Y as:

or ~ Koy (- 1Y), (19)

where K,, (- | Y) is the class-conditional observa-
tion law indexed by action a;. The history is then
updated:

Hy = H;1 @ (at,01), (20)

where @ is appending the ordered pair (a¢, o) to
the history. Define the posterior vector and the
Bayes accuracy function as:

m(y) EP(Y =y | Hy), A(Hy) £ gleaﬁmt(y),

2D
where 7 (y) is the posterior probability of class y
given Hy, and A(H,) is the Bayes accuracy under 0-
1 loss. Introduce the Bayes risk potential function
to measure uncertainty, which is calculated as:

V(Hy) 21— A(Hy) =1 — maxm(y),

nax (22)

where V' (H;) is the Bayes risk potential, smaller
values indicate lower uncertainty.

(i) Posterior martingale and expectation contrac-
tion. By Bayes’ rule, the posterior vector satisfies
the martingale property:

E[mi(y) | Fio1] = m—1(y), (23)

where .#;_1 = o(H;_1) is the natural filtration
generated by the prompt interaction history. Con-
sider the concave potential function over the proba-
bility simplex, which is calculated as follows:

¢(p) £ 1-maxp,, peAMT (24
y

where p is a probability vector on A, and AM~1

is the (M — 1)-simplex of such vectors. Apply-

ing Jensen’s inequality gives the contraction of ex-

pected risk:
E[V(Ht) | F#i-1] < V(Hi-1), (25)

where the inequality is strict whenever K, (- | Y)
is information-bearing.

(ii) Monotone improvement over multiple turns.
Taking the unconditional expectation and iterating
the relation yields:

E[V(H:)] <E[V(Hi)] < --- <E[V(Ho)].
(26)
Define the accuracy gain at round ¢ by:

Ay £ E[V(Hi1)-E[V(Hy) | #1-1]] 2 0, 27)

where A, is the expected one-step reduction of the
Bayes risk potential. Hence, the expectation of
Bayes risk after ¢ rounds satisfies:

t

B[V (Hy)] = E[V(Ho)] = Y _ A,

(28)

where each A accumulates the expected risk de-
crease at round s. Substituting into the definition
of accuracy, we obtain

t
E[A(Hy)] =1 -E[V(Ho)]+ ) A,

s=1

(29)

where E[A(H¢)] is the expected Bayes accuracy
after ¢ rounds.

(iii) Asymptotic correctness under identifiability.
Suppose the family { K, (- | y) : y € A} is identi-
fiable infinitely often. Then, by Doob’s martingale
convergence theorem, we obtain:

V(Hy) =20, A(Hy) =51, (30)
t—o00 t—o0

where a.s. abbreviates almost sure convergence
with respect to the data law. Taking the expectation
over the convergence yields:

lim E[A(H;)] =1

t—o00

(31

where the limit is taken under the assumed identifi-
ability condition.

In conclusion, multi-turn small-large LLM inter-
actions strictly decrease the Bayes risk whenever
observations are informative, and consequently in-
crease the expected accuracy. With repeated in-
formative interactions, the expected accuracy ap-
proaches one. Therefore, multi-turn interaction
ensures higher accuracy and superiority in solving
problems. O

B.2 Proof of Proposition 2

Proposition 2. Reinforcement learning can make
small-scale LLMs better guide large-scale LLMs
to complete tasks.
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Proof. Let the question ¢ be the input, and the true
answer Y be a random variable, Y € A, with the
policy of the small-scale LLM 7, and the prompt
sequence generated by the small-scale LLM 7 =
(a1,as,...,ar). The joint distribution between the
small-scale LLM-generated prompt sequence and
the large-scale LLM output Y is represented as:

P(1,Y|q) = 7 (lg) PL(Y|T,q)  (32)

where 7, (7|q) represents the probability of gener-
ating the prompt sequence 7 given the task ¢, and
Pr(Y|r,q) is the conditional distribution of the
large-scale LLM generating the answer Y given
the prompt sequence 7. To optimize the policy of
the small-scale LLM, we use reinforcement learn-
ing to maximize the expected reward and minimize
the KL divergence for regularization, with the opti-
mization objective:

J(m7) = Eq[R] — BDxL(7r || Trer) (33)

where [E, [ R] represents the expected reward based
on the reward signal, Dy, is the KL divergence
used for regularizing the policy update, and (3 is the
regularization coefficient controlling the impact of
the KL divergence. By maximizing the expected
reward and minimizing the KL divergence, rein-
forcement learning optimization allows the small-
scale LLM’s policy to generate effective prompt
sequences, thereby improving task accuracy.

To prove that reinforcement learning optimiza-
tion can improve the accuracy of the small-scale
LLM, we utilize negative log-likelihood to measure
the accuracy of the current policy. Let U () be
the energy term under the current policy:

U(']TT) = IEq,Y [_ log PL(Y‘(L 7—)] . (34)

According to the policy gradient theorem, we know
that maximizing the expected reward and minimiz-
ing the KL divergence through RL can optimize
the policy, thereby improving accuracy. Using the
policy gradient theorem, we have:

ViJ(m) =Eq [Vylogn, - R] — BE, [V.Dxy] .

(35)
This provides the mathematical framework for opti-
mizing the small-scale LLM’s policy. By adjusting
the policy 7, the small-scale LLM can better guide
the large-scale LLLM to generate accurate results.
By combining the reinforcement learning optimiza-
tion objective and the policy gradient theorem, we
can derive the relationship between the accuracy of

the small-scale LLM’s policy and the energy term.
Using the log-sum inequality, we have:

Acc(m;) > exp(—U(m;)). (36)

This shows that through reinforcement learning
optimization, the optimal policy will maximize
accuracy and minimize the energy term U(7;),
thereby improving task accuracy. Through rein-
forcement learning optimization, we obtain an op-
timal policy 7* that significantly improves the task
accuracy of the small-scale LLM-generated prompt
sequence:

Acc(m™) > Acc(m,). 37)

This proves that the optimal policy obtained
through reinforcement learning optimization can
significantly improve task accuracy, thereby help-
ing the small-scale LLM better guide the large-
scale LLLM to complete the task. O

B.3 Proof of Proposition 3

Proposition 3. The agent can enhance not only the
LILM used for its training but also other LLMs.

Proof. Let the answer set be A = {1,..., M},
and the true label be Y € A. At interaction round
t, the agent (small-scale LLLM) chooses an action
(prompt) ay; the environment (large-scale LLM) L
produces an observation conditioned on Y as:

o~KE(-1Y), (38)

where K (- | Y) is the class-conditional observa-
tion kernel indexed by action a under environment
L. The history then updates as

Hy = H;_1 @ (ag,01), Hy =2, (39)

where @ denotes appending the ordered pair
(at, o) to the multi-turn prompt interaction history.
In another environment L', the observation kernel
is denoted by KX'(- | Y). The policy of the agent
is denoted by 7, which selects a; at round ¢ based
on the past history H;_1. A trajectory of length T'
is denoted by 7 = (a1, 01, ..., ar,or). Given task
q and ground-truth Y, the joint distribution under
environment E € {L, L'} with policy  is

T

Pg(,Y ‘ CI) = (HW(CLt \ Ht—l;Q))

T (40)
(T] &E (o | ) x P(Y | q).
t=1

16273



The utility function of a trajectory is denoted by
U(r,Y) € [0,1] (e.g., 0-1 correctness). The ex-
pected performance of policy 7 in environment £
is defined as

Vi(r) £ Eqy)epz[U(T,Y)]. (A1)
The policy trained in environment L is denoted by
7, satisfying
Vi(r™) > Vi(r), for any feasible policy 7.

(42)

The aim is to show that in environment L', the per-
formance V7 (7*) is not worse than other policies,
and under common conditions strictly better. To
establish this, first consider the relation between
the distributional divergence of environments and
performance difference. Since U € [0, 1], by the
definition of total variation distance,

[Vir(m) = Va(m)| = | By, [U] - Ez U]
< TV(Pf,, Pf).

(43)

Assume there exists € € [0,1) such that for all
classes y and actions a,

TV(EL (1), Ki(ly) < e (44
Then, for any policy m and horizon 7', by the

chain inequality of product measures and the union
bound, the trajectory distribution satisfies

TV(PL,Pf) < 1-(1-¢)T < Te. 45

Hence, the performance deviation is uniformly
bounded as

|V (m) = Vi(m)| < Te. (46)
Applying this to 7* and any comparison policy 7
gives

Vi (n*) > Vi(n*)=Te, Vi (n) < Vi(m)+Te.

(47)
Subtracting the two inequalities and using the opti-
mality of 7* in environment L yields

VL/(W*) — VL/ (71') > (VL(TF*) - VL(TF)) — 2T%e.

(48)
Whenever the performance gap in environment L
satisfies

Vi(m*) = Vi(n) > 2T¢, (49)

it follows that

VL/(W*) > VL/(TF). (50)

This demonstrates that if the alternative environ-
ment L’ is sufficiently close to the training environ-
ment L in terms of class-conditional observation
kernels, and the margin in environment L exceeds
the maximal penalty 27'¢, then the superiority of
the trained agent transfers to the new environment.

The result can also be expressed as a robust gen-
eralization inequality: for any family of environ-
ments

&={E: S;l;)TV(Kf(- ) Ka (- | y) < e},

(1
it holds that
inf (Vp(m*) — Vi(r)) >
Ee& (52)
(Vi(*) = Vi (m)) — 2Te.
The right-hand side equals the training-
environment margin minus the worst-case

shift penalty. For sufficiently small € (or a large
margin), the bound remains positive.

Thus, when observation kernels differ only by
small perturbations, the policy 7* trained in L re-
mains superior in any L’ with at most a linear
penalty T’e, so an agent trained with one LLM
environment also performs better with others. [

C Prompt-R1 Algorithm Details

Prompt-R1 is a multi-turn prompt interaction
framework built on collaboration between a small-
scale LLM and a large-scale LLM: the small-scale
LLM handles planning, prompt generation, and an-
swer output, while the large-scale LLM provides
the corresponding responses for the prompts. The
process is divided into three connected stages: first,
given a question explanation, the small-scale LLM
constructs a collaborative template with structural
guidance and produces the first prompt, and the
large-scale LLM returns an initial response to form
first interaction history; then, during multi-turn in-
teraction, the small-scale LLM continuously gener-
ates reasoning and the next prompt from the accu-
mulated history, the large-scale LLM provides new
responses and extends the history until the termi-
nation condition is reached, and the accumulated
trajectory is utilized to generate the final answer;
finally, end-to-end reinforcement learning is ap-
plied to update the prompt policy of the small-scale
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Algorithm 1: Prompt-R1: Collaborative Automatic Prompting Framework via End-to-end Rein-

forcement Learning

Require : Question ¢, small-scale LLM S, large-scale LLM L, policy 7y, reward function R(-),
initial prompt template ayypl, Maximum interaction turns 7'

Ensure :Final answer y
: Joint input: provide (g, atmpl) to S

: First update history: Hy + {(a}

1
2
3
4
5: First response: 7 prompt ~ L(- | H07 Gprompt)
6
7
8:fort =2to T do

9:  Plan think: af,; \ < S, (¢, Gunpt, Hi—1)
10:
11:
12:
13:
14:
15:
16:
17:
18:
19:

20:

LLM response: 7

prompt "~
end for

Answer: y = arg maxyey+ Sr, (y | ¢, Hr)
Sample trajectories: {7;})¥,

for each 7; do
Compute reward: R(;)

N’]Te

(n)

Compute advantage: A(i)

Update history: Hy «+ H;_1 U {(af)rompn T

prompU pl)rompt)}
: // Stage B: Multi-turn Collaborative Prompt Interaction

t

R

: // Stage A: Collaborative Prompt Initialization
: Initialize: interaction history Hy = [], response 70

=0

prompt

: First think and prompt (ab: ., prompt) < Sz, (¢, ampt)

Generate prompt: af)rompt < Sr(q, atmpt, Hi—1)
L( | Hyq, aérompt)
prompt) }

Final think & answer: (al. . v) < S, (q, aumpl, Hr)

// Stage C: End-to-End Reinforcement Learning Optimization

—k+ Rformat(Ti) + ]I{Rformat(Ti) = k} : Ranswer(Ti)

\/ ]\/[

21:
22:

end for

GRPO-based update policy:
N |7l

JGRrRPO X Z Z min (Pe

=1 t=1

23:

918
T4 (wzgl) ‘ 732)
Parameter update: 6 < 0 — nVy(—TGrro)

mo(w

24:  where pg(w,gi)) =

25:

R(J

7). clip(po(wf”), 1+ €))

R)? e

(7i)

LLM. The reward function jointly evaluates format
compliance and answer correctness, enabling the
small-scale LLLM to gradually learn how to effec-
tively drive the large-scale LLM within a limited
budget. This coordination reduces prompting waste
and stabilizes interaction dynamics. This design
enables progressive and adaptive reasoning, result-
ing in improved accuracy and stability on complex
tasks.

Training and Inference Flow. During training,
the algorithm proceeds in three stages (A—B—C):
the small-scale LLM initializes the template and
triggers the large-scale LLM for an initial re-
sponse, then enters multi-turn interaction to gen-
erate prompts, receive responses, and terminate

with an answer in a sequential manner, and finally
updates the policy in stage C using rewards and
advantages. During testing, it runs only two stages
(A—B) in a simplified form: initialization and
multi-turn interaction, after which the final rea-
soning and answer are produced directly without
parameter updates.

Complexity Analysis. The computational com-
plexity of Prompt-R1 mainly comes from initial-
ization, multi-turn interaction, and reinforcement
learning optimization. The initialization stage in-
volves one call to the small-scale LLM and a call to
the large-scale LLM, which is a constant overhead.
The multi-turn interaction stage requires up to 7'
rounds in the worst case, where each round includes
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one planning step by the small-scale LLM and one
call to the large-scale LLM, yielding time com-
plexity O(T"). The memory consumption grows
linearly with the history length, which can be con-
trolled through windowing or summarization. The
reinforcement learning stage requires sampling N
trajectories per update, each trajectory containing
up to T" prompt-response steps, leading to complex-
ity O(NT). It also requires storing trajectory infor-
mation for reward and advantage computation. In
total, the complexity of Prompt-R1is O(NT +T),
scaling linearly with the number of rounds and sam-
pled trajectories during training, while inference
requires O(T"). Since the small-scale LLM is re-
sponsible for planning and refining prompts, the
large-scale LLM is more focused, ensuring stability
on complex reasoning tasks.

D Dataset Details

We selected 12 public datasets (including multi-
hop reasoning, mathematical calculation, common
sense question answering, and text generation) for
training and testing. Eight of these datasets were
used for training and testing. Four datasets were
used for out-of-distribution testing to verify the
generalization of the proposed Prompt-R1. These
datasets are as follows:

o 2WikiMultihopQA: A multi-hop QA dataset re-
quiring reasoning across two Wikipedia articles,
designed to test information integration across doc-
uments.

o HotpotQA: A large-scale multi-hop QA cor-
pus with questions covering diverse topics, where
answers typically demand linking multiple para-
graphs.

e GSMBS8K: A collection of grade school math
word problems with concise statements, emphasiz-
ing step-by-step calculation and accurate numeric
results.

¢ DAPO Math: A dataset of algebraic and multi-
step mathematical problems, often involving com-
plex formula derivations and logical process rea-
soning.

e MusiQue: A composite QA dataset built from
multiple sub-questions, where answers require pro-
gressive reasoning across factual and thematic do-
mains.

o PopQA: A large-scale corpus of common
knowledge and popular culture questions, featur-
ing short queries, clear answers, and broad topical
coverage.

e BookSum: A long-text summarization dataset
derived from novels and book chapters, providing
multi-level alignments between extended texts and
summaries. Since the input content of this dataset
is too long, we used a LLM to construct structured
data that is easy to train using the chapter field of
the dataset. More details are in our training dataset.

e WritingPrompts: A creative writing corpus
collected from community prompts and correspond-
ing stories, encompassing diverse narrative styles
and genres.

e MathQA: A math QA dataset curated from
multi-domain exam problems, covering arithmetic,
algebra, geometry, probability, and other sub-
disciplines.

o TriviaQA: A knowledge-intensive dataset with
questions from trivia websites and Wikipedia, con-
taining a wide range of facts and lesser-known top-
ics.

e XSum: A dataset of BBC news articles paired
with one-sentence extreme summaries, emphasiz-
ing highly concise abstraction of essential informa-
tion.

e SQuAD v2: A Wikipedia-based QA dataset
combining answerable and unanswerable ques-
tions, constructed to evaluate comprehension under
mixed conditions.

To ensure consistency and fairness for training
and testing, 5,120 instances were randomly sam-
pled from each of the eight selected datasets for
training, resulting in a total of 40,960 training
instances. To evaluate the generalization perfor-
mance of Prompt-R1, 128 instances were randomly
sampled from each of the four out-of-distribution
and eight trained datasets.

E Baseline Details

To accurately evaluate the performance of Prompt-
R1, we conducted comparative experiments against
multiple baselines. These baselines can be broadly
divided into two categories: those based on GPT-
40-mini and those based on Qwen3-4B.

E.1 Baselines with GPT-40-mini

o GPT-40-mini (Hurst et al., 2024): A lightweight
variant of GPT-40 optimized for cost and latency,
while retaining strong language and reasoning abil-
ities. As a baseline, it is tested with standard in-
struction prompting without retrieval or tool use,
measuring the model’s inherent generation capacity
under constrained resources.
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e CoT (GPT-40-mini)(Wei et al., 2022; Hurst
et al., 2024): Chain-of-thought prompting applied
to GPT-40-mini, leveraging its stronger reasoning
capacity to generate intermediate steps. It serves
as a higher-capacity baseline for reasoning compar-
ison against smaller backbones.

o GEPA(Agrawal et al., 2025): A prompt op-
timizer that combines genetic search and Pareto
frontier exploration with natural language reflec-
tion. It diagnoses trajectories (e.g., reasoning, tool
calls) in natural language and proposes updates,
achieving large quality gains with fewer rollouts
compared to traditional RL-based methods.

o TextGrad(Yuksekgonul et al., 2024): A
gradient-inspired optimization framework that
treats natural language feedback as approximate
gradients. It iteratively improves prompts or vari-
ables in computation graphs, enabling general-
purpose adaptation across tasks such as QA, code,
and molecule optimization without direct gradient
access.

e OPRO (Yang et al., 2023): An optimization-
by-prompting approach that leverages LLMs them-
selves as optimizers. At each step, the LLM gen-
erates and evaluates new candidate solutions de-
scribed in natural language, iteratively refining
prompts. It has been shown to outperform human-
designed prompts on reasoning benchmarks.

E.2 Baselines with Qwen3-4B

e Qwen3-4B (Yang et al., 2025): A 4B-parameter
language model from Alibaba Cloud, serving as a
compact backbone for generation tasks. It provides
strong efficiency in low-resource settings while
maintaining competitive performance on reasoning
benchmarks.

e SFT (Qwen3-4B) (Ouyang et al., 2022): A
supervised fine-tuning baseline built on Qwen3,
trained with human-annotated data to improve in-
struction following and response accuracy. It evalu-
ates how standard supervised adaptation enhances
the raw backbone’s capabilities.

e CoT (Qwen3-4B) (Wei et al., 2022; Yang
et al., 2025): Chain-of-thought prompting applied
to Qwen3, encouraging the model to generate step-
by-step reasoning before producing the final an-
swer. This improves logical consistency and per-
formance on reasoning-intensive tasks.

o GRPO (Qwen3-4B)(Guo et al., 2025): Group
Relative Policy Optimization, a reinforcement
learning algorithm that normalizes rewards within
sampled groups of trajectories. This reduces vari-

ance in policy updates, stabilizes training, and im-
proves convergence efficiency compared to stan-
dard (Proximal Policy Optimization) PPO.

E.3 Other LLM Baselines

e Deepseek-V3: Deepseek-V3 adopts advanced
context understanding algorithms, optimized
specifically for real-time conversation systems, sup-
porting efficient multi-turn interactions. The model
dynamically adjusts response strategies based on
conversation history, providing a more intelligent
user experience. It excels at maintaining context
over extended interactions, ensuring the conversa-
tion flows naturally and remains coherent.

e Grok-4-Fast: Grok-4-Fast incorporates an ef-
ficient inference optimization mechanism, capable
of handling complex natural language tasks with
minimal latency. By combining knowledge distilla-
tion and optimization algorithms, the model signifi-
cantly improves inference speed while maintaining
high accuracy, making it suitable for real-time ap-
plications. Its speed makes it highly effective in
time-sensitive scenarios, such as live customer sup-
port or real-time data processing.

e Llama-4-Maverick: Llama-4-Maverick lever-
ages the latest multimodal learning techniques, in-
tegrating different data sources such as text and
vision to handle more complex tasks. With its
hierarchical semantic understanding framework,
the model shows greater adaptability and accuracy
across various domain-specific tasks. This allows
it to be applied in a variety of fields, from health-
care to autonomous systems, where cross-modal
understanding is crucial.

e GPT-5: GPT-5 achieves breakthroughs in nat-
ural language understanding and generation, par-
ticularly in long-text reasoning and cross-domain
knowledge integration. The model utilizes a deep
learning architecture and reinforcement learning
optimization algorithms, enabling it to handle com-
plex reasoning and generation tasks with greater
precision. Its ability to integrate knowledge from
different domains allows it to excel at complex
problem-solving tasks, making it versatile across
industries.

e Gemini-2.5-Flash: Gemini-2.5-Flash com-
bines a fast inference engine and distributed com-
puting technology, demonstrating exceptional ef-
ficiency in processing large-scale data. The opti-
mized memory management and computational ar-
chitecture ensure low latency and high throughput
when handling massive datasets. This makes it an
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ideal choice for applications that require rapid data
analysis, such as financial modeling or real-time
sensor data processing.

e Qwen-Plus: Qwen-Plus incorporates an adap-
tive learning mechanism, allowing the model to
continuously optimize its performance in dynamic
environments. Combining multi-task learning and
self-supervised learning, it provides efficient solu-
tions across a wide range of complex applications.
Its ability to adapt to evolving data patterns makes
it highly effective in dynamic environments, such
as personalized recommendation systems or real-
time analytics.

e GPT-OSS-20B: GPT-OSS-20B is an open-
source 20B-parameter LLM optimized for high-
performance inference. By integrating knowledge
graphs and cross-modal reasoning, it excels across
arange of tasks. Its flexibility enables seamless cus-
tomization for diverse applications, ranging from
research to enterprise solutions.

F Evaluation Details

Exact Match. The Exact Match (EM) metric mea-
sures whether the model’s predicted answer exactly
matches the ground truth. If the predicted answer
matches the ground truth exactly, the EM value for
that sample is 1; otherwise, it is 0. The formula for
EM is as follows:

N
EM = % ; ]I(norm(yi) = norm(y;)) (53)

where y; is the predicted answer, y;" is the ground
truth, I is the indicator function, norm(-) is the
normalization function, and NV is the total number
of samples.

F1-score. The F1-score (F1) metric measures
the overlap between the predicted answer and the
ground truth answer, considering both Precision
and Recall. The formula for F1-score is as follows:

2. Precision - Recall

FI = 54
Precision + Recall (54)

where:

tok ;) N tok *
Precision = [tokens(y;) (1 tokens(y;)| (55)
|tokens(y;)|
and

Recall — |tokens(y;) N tokens(y;k)]. (56)

ftokens(y;)|

Semantic Similarity. The Semantic Similarity
(SSim) metric measures the semantic similarity

between the predicted answer and the ground truth
answer, typically computed using cosine similarity.
The formula for SSim is as follows:

N
1 I
SSim = — > " cos(Enc(kf™), Enc(k£°)) (57)

=1

where Enc(-) represents the semantic encoding
function, kP! and k2 represent the semantic
representations of the predicted answer and the
ground truth, respectively, and the cosine similarity
between them is computed.

G Implementation Details

To ensure reproducibility and fair comparison, we
summarize the hyperparameter configurations for
Prompt-R1 in Table 6. This table reports hyperpa-
rameters of the Prompt-R1 agent, including batch
size, learning rate, PPO mini-batch size, micro-
batch size per GPU, policy repeat count, maximum
context length, maximum response length, maxi-
mum single-turn response length, maximum turns,
and training epochs. For training the Prompt-R1
agent, all our experiments are conducted on a GPU
server with eight NVIDIA A100 GPUs. Each GPU
has a memory capacity of 40 GB. For the GPT-
OSS-20B as the environment, we adopted a local
deployment method, deploying it on another server
equipped with eight Nvidia A100 GPUs for Prompt-
R1 agent training, to achieve zero-cost training of
the Prompt-R1 agent. In the double-constrained
reward, the « is 0.4; the (5 is 0.25; the ~y is 0.25; the
618 0.1; and the k is 1.0.

For the experiments based on Qwen3-4B, we
used the same prompt to constrain the answer for-
mat and LLaMA-Factory for training and evalua-
tion on the same GPU server as Prompt-R1. The hy-
perparameter settings of the GRPO for Qwen3-4B
are the same as Prompt-R1. We conducted multiple
experiments and selected the optimal parameters
of the SFT for Qwen3-4B. The hyperparameters of
the SFT for Qwen3-4B are illustrated in Table 7.

For the automatic prompting optimization (in-
cluding OPRO, TextGrad, and GEPA), which
is based on GPT-40-mini, and the LLM base-
lines (e.g., Deepseek-V3, Grok-4-fast, LLaMA-
4-Maverick, GPT-5, Gemini-2.5-flash, and Qwen-
Plus), we also used the same prompt to format the
answers and call the official APIs for evaluation.
For a fair comparison, we conducted three indepen-
dent runs under identical settings for both Prompt-
R1 and all baselines and reported the averaged re-
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Method Hyperparameter Value
Batch size 128 )
Learning Rate 1x107°
PPO Mini-batch Size 64
P t-R1 (Agent Micro-batch Size per GPU 2
romp (Agent) Policy Repeat Count 5
Maximum Context Length 8192
Maximum Response Length 8192
Maximum Single-turn Response Length 1024
Maximum Turns 5
Training Epochs 1
Table 6: Training hyperparameter settings for Prompt-R1 agent (Qwen3-4B).
Method Hyperparameter Value
Finetuning Type Lora
Lora Rank 8
Batch Size 4
Gradient Accumulation Steps 8
3-4B (SFT
Qwen ( ) Learning Rate 1x 1074
Epochs 3.0
Learning Rate Scheduler Type Cosine
Warmup Ratio 0.1
BF16 True

Table 7: Training hyperparameter settings of SFT for Qwen3-4B.

sults. Regarding the extremely poor performance
of Gemini-2.5-flash on the DAPO Math dataset,
as shown in Figure 4, we examined the content
returned after calling the API and identified two
main reasons for this. First, it faces a performance
bottleneck in mathematical computational capabili-
ties; second, it fails to follow prompt instructions
as accurately as other LLMs in providing correctly
formatted answers.

H Case Study

As shown in Figure 9, a concrete case study is
presented to evaluate various baselines and the
Prompt-R1 in a realistic reasoning scenario. The
task requires determining whether the directors of
The Carter and Alibi for Murder share the same
nationality, with the ground-truth answer being
“Yes”. Results indicate that all baseline models, in-
cluding GPT-40-mini, Chain-of-Thoughts, OPRO,
TextGrad, and GEPA, failed to produce the correct
response. They incorrectly associated The Carter
with unrelated directors (e.g., Christian Faure, M. J.
Bassett, Adam Bhala Lough) and linked Alibi for
Murder to directors of mismatched nationalities, re-
flecting entity-linking drift and instability in factual
recall. In contrast, Prompt-R1 correctly identified
the directors of both films and determined their
shared nationality, yielding the accurate answer. Its
reasoning trajectory exhibits a stronger structural
pattern: the model first decomposes the query into
two atomic subtasks (identifying each director) and
then aggregates their nationality attributes for logi-

cal comparison, thereby achieving consistent cross-
entity factual verification. This case clearly demon-
strates that the multi-turn, prompt-interactive rea-
soning mechanism of Prompt-R1 substantially en-
hances the LLM’s stability in recognizing cross-
entity relations (e.g., nationality, profession, affilia-
tion) and achieves superior factual alignment and
reasoning robustness.

I Limitations

Despite its strong empirical performance across
various tasks, Prompt-R1 has several limitations.
First, its heavy reliance on historical context is a
key structural constraint. As multi-turn interac-
tions progress, the quality of initial prompts and
responses becomes critical for sustaining accurate
and coherent reasoning. Even subtle errors or ambi-
guities introduced at early stages may accumulate
rapidly via error propagation, affecting the reliabil-
ity and accuracy of the final output. Consequently,
when the historical context is incomplete or noisy,
its reasoning ability can be compromised. Addi-
tionally, the method depends heavily on continuous
and dynamic updates to the historical context. If
these updates fail to capture new, relevant informa-
tion promptly, it can lead to substantial information
loss or incorrect decisions, thereby limiting the
model’s practical flexibility and effectiveness.

J Future Work

To further enhance the overall performance and ro-
bustness of Prompt-R1, future work should focus
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Question Do both films The Carter and Alibi for Murder have the directors that share the same nationality?
Groundtruth Yes
GPT-4o0-mini Baseline Chain-of-Thoughts OPRO
First, let's look up the directors of both
N " . films: The Carter (2009): The film is
The Carter" (2009) was directed by | 4 . ieq by Adam Bhala Lough. Alibi for | To determine if both films \"The Carter\" and \"Alibi for Murder\"
Christian Faure, a French director. i . " N N N N N ; N
AT ks " Murder (1942): The film is directed by Leslie have directors that share the same nationality, we need to identify
- "Alibi for Murder" (1956) was : A : : : " s
directed by Gordon Parry, a British S. Hiscott. Now, let's check the the directors of each film and their nationalities. 1. **The
N A iepia N nationalities of these directors: Adam Bhala Carter** - Director: **M. J. Bassett** - Nationality: **British**
director. Since Christian Faure is N N N N P N i114 N
N ips Lough is an American director. Leslie S. 2. **Alibi for Murder** - Director: **William Beaudinexx -
French and Gordon Parry is British N N P N N N N s, ; N N P
' | Hiscott is a British director. Since one is | Nationality: *American** Now, comparing the nationalities: - M. J.
they do not share the same N N s i s Pt N N N N
A . American and the other is British, the Bassett is British. - William Beaudine is American. Since the
nationality. <answer> No, the : N N . N N :
. N directors do not share the same nationality. directors do not share the same nationality, the answer is No.
directors of both films do not share h N £ Th "
the same nationality. </answer> <answ-?=r? No, the directors of The Carter and <answer>No</answer>
Alibi for Murder do not share the same
nationality. </answer>
E‘;,Iaeltu::::n Exact Match| Fl-score Ssim Exact Match| Fl-score Ssim Exact Match Fl-score Ssim
0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
GPT-tlo-mini TextGrad GEPA Prompt-R1L
<think>...... </think> <interaction prompt> The question asks if two
films, 'The Carter' and 'Alibi for Murder,' were directed by people
from the same nationality. This requires identifying the directors of
each film and checking their nationalities. </interaction prompt>
<interaction response> To determine if 'The Carter' and 'Alibi for
Murder' were directed by individuals of the same nationality, we
first need to identify the directors of both films. 1. **The Carter*x:
- Directed by: *Adam Sweeney* - Nationality: *American* 2. **Alibi
for Murder**: - Directed by: *Robert A. Stemmle* - Nationality:
*American* Both directors, Adam Sweeney and Robert A. Stemmle, are
from the United States. Therefore, yes, 'The Carter' and 'Alibi for
Murder' were directed by people from the same nationality.
N " " ; </interaction response> <think>...... </think> <interaction prompt>
The film \ Thg CarFer\ was dn;ECted The directors of 'The Carter' are Adam Sweeney (American) and 'Alibi
by a Canadian filmmaker, while | N N N
WAT 2t " L for Murder' are Robert A. Stemmle (American). Since both directors
\"Alibi for Murder\" was directed by s N N
N are from the United States, they share the same nationality.
an American. Therefore, the N N N N |
s <answer>No</answer> </interaction prompt> <interaction response> That's correct! Both
directors do not share the same N \ A
N A directors, Adam Sweeney of 'The Carter' and Robert A. Stemmle of
nationality. <answer>No, the VAT A | N
. Alibi for Murder,' are American. Therefore, they do share the same
directors do not share the same N N : B N
nationality.</answer> nationality. If you need any further information or assistance, feel
: free to ask! </interaction response> <think> Okay, the user asked if
two films, "The Carter" and "Alibi for Murder," have directors from
the same nationality. I need to check the directors of each film and
their nationalities. First, I'll look up the directors for "The
Carter." From what I remember, it's a 1946 film, and I think it was
directed by Adam Sweeney. But to be sure, I should verify that. Then,
for "Alibi for Murder," which is a 1942 film, I believe it was
directed by Robert A. Stemmle. Once I have the correct directors, I
need to check their nationalities. Both directors are listed as
American. So, since they are from the same country, the answer is yes.
But I should make sure the information is accurate and not based on
incorrect memories. </think> <answer>Yes</answer>
E\;Ia;.turafc:;on Exact Match| Fl-score Ssim Exact Match| Fl-score Ssim Exact Match Fl-score Ssim
0.00 0.00 0.00 0.00 0.00 0.00 0.00 1.00 1.e0 1.e0

Figure 9: Case studies of prompt optimization methods, including Baseline (GPT-40-mini), Chain-of-Thoughts
(GPT-40-mini), automatic prompting optimization methods (OPRO, TextGrad, and GEPA), and Prompt-R1.

on comprehensively improving both scalability and
efficiency. Specifically, optimizing the complex
multi-turn prompt interaction process through tech-
niques such as context compression or selective
summarization could significantly reduce computa-
tional overhead while improving inference speed
and accuracy. Additionally, refining the reinforce-
ment learning component, particularly the design
of the reward mechanism, can further boost learn-
ing efficiency and dynamic adaptability. To expand
applicability across diverse domains, incorporating
domain adaptation and transfer learning strategies
could strengthen its ability to handle heterogeneous
cross-domain tasks and generalize effectively to
unseen scenarios. Addressing long-range depen-
dencies in multi-turn reasoning may be achieved by
exploring advanced memory mechanisms, ensur-
ing contextual coherence over extended interaction
histories. Lastly, optimizing reward functions and
incorporating diverse feedback would enhance per-
formance on increasingly complex tasks.

K Applicability Analysis

Prompt-R1, with its advanced multi-turn reason-
ing and dynamic context updating capabilities,
demonstrates significant potential for application
in highly knowledge-intensive domains that require
rigorous logical deduction. Particularly in crit-
ical fields such as law, healthcare, and finance,
Prompt-R1 can leverage powerful large language
models to handle increasingly complex reasoning
tasks efficiently while ensuring data privacy even
in resource-constrained environments. Moreover,
by integrating reinforcement learning techniques,
Prompt-R1 is not only capable of handling tradi-
tional supervised tasks but also adapts seamlessly
to complex dynamic environments by continuously
optimizing its reasoning strategies via intrinsic self-
correction mechanisms, thus greatly enhancing the
system’s adaptive intelligence and long-term plan-
ning proficiency. Overall, Prompt-R1 provides
strong support for trustworthy, transparent, and in-
telligent decision-making in knowledge-intensive
fields, offering promising applications in a wide
range of challenging real-world domains with its
robust reasoning capabilities and adaptability.
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