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Abstract

Reinforcement learning (RL) has re-emerged as
a natural approach for training interactive LLM
agents in real-world environments. However,
directly applying the widely used Group Rel-
ative Policy Optimization (GRPO) algorithm
to multi-turn tasks exposes notable limitations,
particularly in scenarios requiring long-horizon
reasoning. To address these challenges, we in-
vestigate more stable and effective advantage
estimation strategies, especially for multi-turn
settings. We first explore Proximal Policy Op-
timization (PPO) as an alternative and find it
to be more robust than GRPO. To further en-
hance PPO in multi-turn scenarios, we intro-
duce turn-PPO, a variant that operates on a
turn-level MDP formulation, as opposed to the
commonly used token-level MDP. Our results
on the WebShop and Sokoban datasets demon-
strate the effectiveness of turn-PPO, both with
and without long reasoning components.

1 Introduction

LLMs have shown strong potential for tool use and
environment interaction (Wang et al., 2025b; Feng
et al., 2025; Wei et al., 2025). In these settings, re-
inforcement learning (RL) is commonly preferred
over offline algorithms (Rafailov et al., 2023; Etha-
yarajh et al., 2024; Li et al., 2025b) because ob-
taining high-quality, step-by-step supervision for
complex interactions is difficult. Instead, RL en-
ables the model to optimize its policy directly from
environmental feedback and sparse rewards, allow-
ing it to learn effective strategies without optimal
reference trajectories.

Unlike single-turn reasoning tasks, where all re-
sponse tokens are generated in a single pass and
the problem can be framed as a bandit setting,
multi-turn tool-use scenarios are better modeled
as Markov Decision Processes (MDPs), which in-
volve sequential decision-making and state transi-

*Work done during internship at Amazon.

tions. The current widely used RL method for this
multi-turn setup is a direct adaptation of GRPO
(Wang et al., 2025b; Wei et al., 2025). This method
samples multiple multi-turn trajectories per ques-
tion, then estimates the advantage for all tokens
in a trajectory by normalizing the trajectory-level
reward using the group’s mean and standard de-
viation. However, this adaptation faces several
challenges in the multi-turn context that can im-
pair optimization effectiveness: 1) Environment
interactions are not fully controllable, leading to
higher sampling variance compared to single-turn
settings, which makes advantage estimation less
stable. 2) Different turns within a trajectory con-
tribute unequally to the final reward, so apply-
ing the same advantage uniformly to all tokens
across turns can introduce inaccuracies. Several
prior works (Feng et al., 2025; Zeng et al., 2025)
attempt to address this issue by incorporating turn-
level advantage estimates. However, these methods
are specialized for particular settings and can intro-
duce additional biases, limiting the generalizability.

To address these issues, we reintroduce PPO
(Schulman et al., 2017) into multi-turn agentic
LLM training. Unlike GRPO, which relies on mul-
tiple rollouts to estimate advantages and often suf-
fers from instability, PPO leverages a learnable
critic model for advantage estimation. Because it
is designed for multi-step MDPs, PPO naturally
supports effective training through Generalized Ad-
vantage Estimation (GAE). In existing multi-turn
implementations, however, PPO is typically ap-
plied by treating each token as a separate MDP
step, a practice inherited from single-turn settings.
We show that this formulation is suboptimal for
multi-turn tasks because it complicates critic learn-
ing due to the mismatch between token-level granu-
larity and the underlying task structure. To improve
PPO’s effectiveness, we propose turn-PPO, which
redefines the MDP formulation at the turn level.
Specifically, we treat the entire input and output
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of a turn as a single state–action pair rather than
operating at the token level. This results in a more
coherent representation, enables the critic to learn
more accurately, and produces more reliable advan-
tage estimates.

Contributions Our main contributions are as fol-
lows:

• We identify and analyze the instability of
sampling-based advantage estimation used in
GRPO and its variants in multi-turn settings.

• We show that PPO achieves greater training
stability and efficiency than GRPO due to its
learnable critic and more accurate advantage
estimation.

• We introduce turn-PPO, a variant of token-
PPO, and demonstrate its superior perfor-
mance across diverse tasks and settings.

1.1 Related work
Multi-turn agentic LLMs It is well established
that, rather than solving a problem in a single step,
LLMs can reason and act step by step with the
help of external tools (Yao et al., 2023) and use
intermediate results to guide future reasoning steps.
When augmented with tool-calling abilities, they
can interact with external environments to solve a
wide range of tasks, including web navigation (Wei
et al., 2025; Yao et al., 2022; Gur et al., 2023; Putta
et al., 2024; Jin et al., 2025; Qi et al., 2024), GUI
automation (Qin et al., 2025; Wang et al., 2025a),
and embodied AI control (Li et al., 2024; Huang
et al., 2022). In this work, we restrict our study
to text-only environments, enabling us to concen-
trate purely on improving reinforcement learning
algorithms for training LLMs.

RL for LLMs By modeling LLMs as MDPs,
we can directly apply policy-based reinforcement
learning algorithms to train them. In the single-turn
setting, strictly on-policy REINFORCE-style meth-
ods have been explored, including Reinforce++
(Hu et al., 2025), RLOO (Ahmadian et al., 2024),
and ReMax (Li et al., 2023), as well as off-policy
PPO-style methods such as VinePPO (Kazemnejad
et al., 2024), VC-PPO (Yuan et al., 2025), VAPO
(Yue et al., 2025). Building on PPO, DeepSeek-
R1 (Guo et al., 2025) introduces GRPO (Shao
et al., 2024), which replaces the learned critic
with sample-based advantage estimation. Sev-
eral follow-up works, including DAPO (Yu et al.,

2025), Dr. GRPO (Liu et al., 2025a), Reinforce-
Rej (Xiong et al., 2025), and GSPO (Zheng et al.,
2025) further refine or extend GRPO to improve
stability and performance.

Extending from the single-turn to the multi-turn
setting, several RL variants have been proposed.
ArCHer (Zhou et al., 2024) introduces a hierar-
chical RL framework that employs an actor–critic
algorithm at the turn level and a policy-gradient
update at the token level. (Yin et al., 2025) trained
segment-level reward model to obtain dense super-
vision for PPO. WebAgent-R1 (Wei et al., 2025)
introduces M-GRPO, a direct adaptation of GRPO
to multi-turn tasks. However, GRPO is widely re-
ported to be unstable in this setting. To address this,
RAGEN (Wang et al., 2025b) proposes StarPO-s,
which uses proportional trajectory filtering, while
GiGPO (Feng et al., 2025) refines advantage es-
timation by combining state-level advantages ob-
tained by merging identical states with trajectory-
level advantages. MT-GRPO (Zeng et al., 2025)
further demonstrates the benefit of turn-level credit
assignment. Nonetheless, these approaches are not
fully general and often require manual tuning of
turn-level credit weights. In this work, we reintro-
duce a learnable critic, as in PPO, but applied at the
turn level, providing effective turn-level advantage
estimates and mitigating the limitations of GRPO
in multi-turn training.1

2 Framework

In this section, we introduce our RL framework for
multi-turn agentic LLM tasks. Section 2.1 presents
the general LLM-as-MDP formulation, followed
by Section 2.2, which illustrates the token-MDP
formulation and analyzes its limitations. To address
these issues, Section 2.3 introduces the turn-MDP
formulation. For each formulation, we provide the
corresponding GRPO and PPO algorithms under a
unified framework. Finally, Section 2.4 compares
these algorithms in detail.

2.1 Multi-turn LLM and MDP

Multi-turn LLMs We first clarify the multi-turn
setting in LLM. For a full episode with N ≥ 1
turns, each turn n includes the query tokens from
the environment denote as Qn and the LLM re-

1Concurrent with our work, GEM (Liu et al., 2025b) and
ST-PPO (Li et al., 2025a) also identify limitations of GRPO
in multi-turn settings and observed that turn-level PPO typi-
cally yields better performance, particularly on complex, long-
horizon tasks.
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Figure 1: Comparison of advantage computation in GRPO, token-PPO, and turn-PPO. In turn-PPO, the state is
defined as sn := (⊕n′<n(Qn′ , Rn′))⊕Qn and the action as an := Rn. For the critic in token-PPO and turn-PPO,
the position of V̂h in the figure indicates that it is conditioned on all tokens up to that point.

sponse tokens generated by LLM denoted as Rn.
The Qn may include system prompts, user query,
environment/tool output as the input to LLMs, and
the Rn is the output of LLMs. When N = 1, we
recover the single-turn setting. We illustrate in the
following that the differences of the RL algorithms
are how we formulate the MDP for the turns formed
by (Qn, Rn).

LLM-as-MDP We model LLM training in RL
as a Markov Decision Process (MDP) defined by
(S,A,H,P, r), where S denotes the state space,
A the action space, H ∈ N the horizon length,
P the state transition probability measure, and r :
S × A → R the reward function. Denote D to
be the query set, πθ the parameterized policy. In
policy-based RL for LLMs, the goal is to learn
a policy π : S × A → [0, 1] that maximizes the
expected return:

max
θ

Es1∼D
H∑

h=1

E ah∼πθ(·|sh),
sh+1∼P(·|sh,ah)

r(sh, ah). (1)

We solve this optimization via policy gradient
methods such as REINFORCE (Williams, 1992),
PPO (Schulman et al., 2017), and GRPO (Shao
et al., 2024). In LLM training, both states and ac-
tions are represented by text tokens, and rewards

are typically given only at sequence end, with
optional KL shaping applied to intermediate to-
kens. In the following, we denote clipε(x) :=
clip(x, 1− ε, 1 + ε).

2.2 Token-MDP
In current widely-used token-MDP formulation,
each time the action ah is just one token generated
by LLM. We illustrate the objectives for single-turn
setting and multi-turn setting respectively.

Single-turn settings In the single-turn setting,
the model receives a single query and generates all
answer tokens in one round, without intermediate
tokens from external sources (e.g., tool outputs or
follow-up user messages). Formally, at step h, the
state sh consists of the query and the first h − 1
generated tokens; the action ah is the h-th token;
and the next state sh+1 is obtained by concatenating
sh with ah, resulting in a deterministic transition P.
The current design of both PPO and GRPO view
the response as actions of tokens. In this case, we
here show the unified loss functions for PPO and
GRPO in Table 1’s first line, with different choices
of specific parts leading to each variant. We omit
the KL part as that’s not the focus of this work and
can be added empirically.

For PPO, we do not need multiple sampling for
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one initial query so G is usually set to be 1, while
for GRPO, G > 1 since we need to compute group
relative advantage. For PPO, Âi

h is the token-level
advantage estimated via Generalized Advantage
Estimation (GAE) using a learned critic model. For
GRPO, the advantage is constant across tokens, i.e.,
Âi

h := Âi, where Âi is computed by normalizing
the final sequence rewards over the G rollouts for
the same query.

Multi-turn setting In the multi-turn setting, ex-
ternal tokens are injected into the context during
the interaction, such as tool outputs or follow-up
user queries. A straightforward extension from the
single-turn case is to retain the same implementa-
tion but mask out the loss for environment tokens,
keeping only the loss on LLM-generated tokens
(Wei et al., 2025; Wang et al., 2025b). Denote ain
to be the LLM response in n-th turn at the i-th sam-
ple of the query s1, and the similar representation
goes for probability ratio rin,h and advantage Âi

n,h.
The unified objective for GRPO and PPO is shown
in Table 1’s second line.

Though empirically easily to implement, we
point out that there may be fundamental problems
of this objective. The MDP formulation for this
multi-turn setting diverges from the single-turn
case, leading to a “state representation misalign-
ment.” This introduces additional noise into the
training of the critic V (·), making it harder to es-
timate accurate advantages. In a token-level MDP,
state transitions are not continuous in the multi-turn
setting: within a response, the next state is simply
the current state with one token appended, whereas
across responses, the next state incorporates an en-
tire block of tokens from the environment output.
These heterogeneous transition patterns cause the
critic to regress toward an averaged value, reducing
the fidelity of state values and ultimately degrading
the quality of the computed advantages.

2.3 Turn-MDP

Rather than taking a direct empirical extension at
the implementation level, we instead adopt a dif-
ferent MDP formulation. In fact, the multi-turn
interaction setting naturally induces an MDP, since
environment interactions and state transitions un-
fold across turns. Concretely, we define the state
sh as the full interaction history up to the (h− 1)-
th round together with the current h-th query, and
the action ah as the LLM’s response at round h.
Thus, unlike token-level actions, here each ah cor-

responds to the entire response in a given turn. This
formulation yields a more uniform representation:
every sh is the complete history concatenated with
the current query, and every ah is the full response
to that query. We specify the objectives for single-
turn setting and multi-turn setting in Table 1’s third
and fourth lines respectively.

Single-turn setting Empirically, we can also take
the geometric average of the ratio to improve sta-
bility, i.e., using ri

1/|ai| instead. We note here that
this version of GRPO with turn-MDP and geomet-
ric average recovers GSPO (Zheng et al., 2025) as
the special case.

Multi-turn setting For GRPO-style advantage
estimation, Âi

n := Âi can be empirically computed
as the normalized final rewards irrelevant to turn
and token, similar as the multi-turn token-MDP
setting. For PPO, Âi

n is well-defined by turn-level
GAE advantage. The difference is that the learned
critic model is in the turn level. We name this
version of PPO “turn-PPO”. Besides the actor loss
defined above, the critic is optimized using a turn-
level PPO-style value objective. Specifically, we
initialize the critic from a pre-trained LLM but
attach a separate value head. The value loss is
given by:

min
ϕ

E s1∼D,
{ai}Gi=1∼πθt

(·|si),
sin+1∼P(·|sin,ain)

(2)

1

G

G∑

i=1

1

Ni

Ni∑

n=1

1

2

(
Vϕ(s

i
n)− R̂i

n

)2
,

where R̂i
n denotes the cumulative discounted return

from turn n onward.

2.4 RL algorithm comparison

For better understanding the differences, we vi-
sualize the differences in advantage computation
between GRPO, token-PPO, and turn-PPO in Fig-
ure 1. Suppose the trajectory contains N turns and
T tokens in total. For clarity, we only consider the
final reward r at the end of the trajectory and omit
token-level shaping rewards (e.g., KL penalties).

For GRPO, the advantage r̃ is obtained by nor-
malizing rewards across multiple trajectories for
the same query and then assigning this normalized
value to every token. Each token is treated as an
individual action, so clipping and loss aggregation
are performed at the token level.
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Token-Single: max
θ

E s1∼D
{ai}∼πθt

1

G

G∑

i=1

1

|ai|

|ai|∑

h=1

MCε

(
rih(θ), Â

i
h

)
, where rih(θ) =

πθ(a
i
h|sih)

πθt(a
i
h|sih)

.

Token-Multi: max
θ

E s1∼D
{ai}∼πθt

sin+1∼P

1

G

G∑

i=1

1

|ai|

Ni∑

n=1

|ai
n|∑

h=1

MCε

(
rin,h(θ), Â

i
n,h

)
, where rin,h(θ) =

πθ(a
i
n,h|sin,h)

πθt(a
i
n,h|sin,h)

.

Turn-Single: max
θ

E s1∼D
{ai}∼πθt

1

G

G∑

i=1

1

|ai|MCε

(
ri(θ), Âi), where ri(θ) =

πθ(a
i|si)

πθt(a
i|si) =

|ai|∏

h=1

πθ(a
i
h|sih)

πθt(a
i
h|sih)

.

Turn-Multi: max
θ

E s1∼D
{ai}∼πθt

sin+1∼P

1

G

G∑

i=1

1

|ai|

Ni∑

n=1

MCε

(
rin(θ), Â

i
n

)
, where rin(θ) =

πθ(a
i
n|sin)

πθt(a
i
n|sin)

=

|ai
n|∏

h=1

πθ(a
i
n,h|sin,h)

πθt(a
i
n,h|sin,h)

.

Table 1: Comparison of PPO objectives for Token-/Turn-level MDPs in Single- and Multi-turn settings. Here,
MCε(r,A) := min

(
r A, clipε(r)A

)
denotes the PPO min-with-clipping operator.

For token-PPO and turn-PPO, we use general-
ized advantage estimation (GAE) (Murphy, 2024)
defined as:

δh = rh + γvh+1 − vh,

Ah = δh + γλδh+1 + · · ·+ (γλ)H−(h+1)δH−1

= δh + γλAh+1.

Here, γ is the reward discount factor across
timesteps in the MDP, while λ ∈ [0, 1] controls
the bias-variance trade-off: larger values reduce
bias but increase variance. For simplicity, we only
show the advantage for a single step, i.e., δh, in
the Figure. Token-PPO uses the critic’s value pre-
diction at each token as Vt and updates according
to the Bellman equation. The advantage at token
t is computed as γVt+1 − Vt for intermediate to-
kens, and r − VT for the final token. Turn-PPO,
in contrast, operates at the turn level: both actor
and critic losses are defined per turn. The value
function is given by the critic’s output at the last
token of each turn (query or environment output).
The entire LLM response for that turn is consid-
ered the action, so the computed advantage applies
to the whole response. Formally, the advantage
is γVn+1 − Vn for intermediate turns and r − VN

for the final turn. Clipping is also performed at
the response (turn) level. We note that turn-level
PPO incurs the same computational cost as token-
level PPO, as the only difference lies in computing
the loss at the turn level, while the forward and
backward passes remain identical.

3 Experiments

Section 3.1 introduces the experimental setup. In
Section 3.2, we analyze GRPO and its variants,

demonstrating their failure modes and highlighting
the challenges of applying GRPO directly in multi-
turn settings. Section 3.3 then focuses on PPO-
based algorithms, showing the advantages of turn-
PPO and providing improved training guidelines
for PPO in LLMs.

3.1 Setup

Data Our experiments focus on multi-turn envi-
ronments, specifically WebShop (Yao et al., 2022)
and Sokoban (Junghanns and Schaeffer, 2001),
both of which require sequential decision-making
and long-horizon reasoning. In WebShop, the
model receives a user query and must complete
a sequence of actions: searching for products, se-
lecting relevant items, refining attributes like color
or size, and finalizing the purchase. The process fre-
quently involves iterative searches and navigating
across multiple pages, testing the model’s ability
to maintain coherent goal-directed behavior over
many steps. In Sokoban, the model faces a spatial
planning task, pushing boxes to target locations
in a grid world, where each move has irreversible
consequences, incurs a time penalty, and only a
sparse terminal reward is provided. These envi-
ronments capture different challenges of multi-step
alignment and planning. Further dataset examples
are provided in Appendix B.

Algorithm For the token-MDP formulation, we
adopt GRPO and token-PPO as baselines. For our
turn-MDP formulation, we focus on turn-PPO as
the main algorithm, since it offers clearer design
insights. In Section 3.2, we examine the common
approach of extending GRPO to multi-turn settings
under token-MDP, highlighting issues such as in-

6231



0 50 100 150 200
Training Steps

0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

Re
w

ar
d 

(M
ea

n)
WebShop

Qwen2.5-3B
Qwen3 (think)
Qwen3 (no think)

0 50 100 150 200
Training Steps

-0.5

0.0

0.5

1.0

1.5

2.0

2.5

Re
w

ar
d 

(M
ea

n)

Sokoban
Qwen2.5-3B
Qwen2.5-7B
Qwen3 (think)
Qwen3 (no think)

0 50 100 150 200
Training Steps

-0.8

-0.6

-0.4

-0.2

0.0

0.2

0.4

0.6

Re
w

ar
d 

(M
ea

n)

WebShop (GRPO Variants)

GRPO (baseline)
GRPO (no std)
GRPO (no KL)
GRPO (diverse)

0 50 100 150 200
Training Steps

0.0

0.1

0.2

0.3

0.4

0.5

0.6

St
an

da
rd

 D
ev

ia
ti

on

WebShop (Std Dev Dynamic)
GRPO (baseline)
GRPO (no std)

Figure 2: In the first two plots, we show GRPO validation reward curves during training on Webshop and Sokoban
for Qwen2.5 and Qwen3. In the third one, we show rewards for GRPO and its variants with respect to std dev, KL,
and batch size diversity. In the last one, we show evolution of standard deviation throughout training.

stability. In Section 3.3, we present a systematic
comparison of GRPO, token-PPO, and turn-PPO
across tasks and models with varying reasoning
behaviors, demonstrating the advantages of our
turn-PPO method. Our training codes are based
on RAGEN (Wang et al., 2025b), with turn-PPO
implemented.

Model Our RL experiments are conducted using
Qwen2.5-3B and Qwen2.5-7B (Team, 2024), as
well as Qwen3-1.7B (Yang et al., 2025) as the base
models. For Qwen2.5, reasoning is always enabled.
For Qwen3, we evaluate both reasoning-enabled
and reasoning-disabled settings. This choice is mo-
tivated by the observation that Qwen3’s reasoning
tends to be excessively long, which creates two
issues: (1) overthinking for our tasks, and (2) ex-
tended reasoning chains combined with long RL
trajectories make training unstable, offering little
improvement and often leading to collapse.

3.2 GRPO failure investigation

We apply GRPO with a token-MDP formulation for
both tasks, following the default implementation
in RAGEN and other frameworks. For each query
in the dataset, we sample multiple trajectories and
compute advantage estimates using normalized re-
wards. However, this setup exhibits significant
instability: in both tasks, training often collapses
abruptly, particularly in the long-reasoning setting
with Qwen3. The training curves in Figure 2 il-
lustrate these crashes across both tasks for both
Qwen2.5 and Qwen3.

To gain deeper insight into GRPO training behav-
ior, we investigate the causes of its failures and ex-
plore potential improvements. Our analysis shows
that these failures are systematic and cannot be re-
solved by variants within the GRPO framework. In
particular, we focus on Qwen3 with reasoning on

the WebShop dataset, where training crashes occur
most frequently.

Our first hypothesis attributes the instability to
potential entropy collapse (Wang et al., 2025b),
where GRPO’s normalized rewards cause large fluc-
tuations in the advantage estimates. To test this, we
remove the standard deviation term in reward
normalization from vanilla GRPO, a modification
that has been reported to help in methods such as
Reinforce-Rej (Xiong et al., 2025) and DR.GRPO
(Liu et al., 2025a). However, our results show no
mitigation. Moreover, visualizing the average re-
ward standard deviation during RL training further
confirms that entropy collapse may not be the pri-
mary issue as shown in Figure 2.

Second, we experiment with removing the KL
term in GRPO, as the model distribution tends
to diverge significantly in long-reasoning settings
such as Qwen3, and enforcing KL regularization
in such cases may overly constrain learning. This
choice is also supported by findings in DAPO (Yu
et al., 2025). Nevertheless, this modification also
shows only minimal effect and does not prevent the
crash, as illustrated in Figure 2.

Next, we enhance the diversity of each train-
ing batch to mitigate overfitting on limited sam-
ples. Specifically, while keeping the total number
of rollout samples each time fixed, we decrease the
number of rollouts per question and increase the
number of distinct questions. This adjustment pro-
vides a slight improvement, but merely delays the
crash and fails to fundamentally resolve the issue
or improve overall performance.

Consequently, all of the above modifications to
the original GRPO framework still fail to prevent
training collapse. This highlights a fundamental
limitation of directly applying GRPO to the multi-
turn setting under a token-MDP formulation. We

6232



attribute this failure to two key factors:

1. The use of a uniform advantage across all
turns, which overlooks the varying levels
of difficulty and distinct characteristics that
cause different turns to contribute unequally.

2. The high variance of sample-based advantage
estimates, which is amplified in multi-turn
settings with dynamic or partially observed
environments.

Together, these factors promote over-training on
easier turns and eventually cause model collapse.
This issue is especially pronounced in multi-turn
long-reasoning scenarios, where turn boundaries
are well defined and exhibit substantially greater
heterogeneity than in single-turn settings. More-
over, long reasoning trajectories contain a higher
proportion of low-entropy tokens, which makes
the model more prone to collapse when trained on
them (Wang et al., 2025b).

3.3 Token-PPO and turn-PPO

We then apply PPO-based algorithms to these tasks,
using two variants: token-PPO, the baseline im-
plementation based on a token-level MDP, and
turn-PPO, our proposed variant formulated on a
turn-level MDP. Experimental results show that
both PPO-based methods substantially outperform
GRPO on multi-turn tasks. Furthermore, turn-
PPO demonstrates improved training stability and
achieves superior performance in most cases. As il-
lustrated in Figure 3, PPO effectively mitigates the
training collapse observed with GRPO, providing
a more stable and robust learning-based advantage
estimation strategy.

Clipping We visualize the token clipping ratio
for token-PPO and turn-PPO for Sokoban tasks in
Figure 3. Turn-PPO shows a much higher clipping
ratio because clipping is applied to the entire re-
sponse at the turn level: if the policy distribution
changes too drastically, the whole turn is clipped.
This prevents the model from updating on turns
with large policy shifts, avoiding unstable gradient
steps and enabling smoother, more reliable train-
ing.

Model backbone For all tasks, we initially ex-
periment with both Qwen2.5 and Qwen3, enabling
thinking by default. We observe that Qwen2.5
produces reasoning of appropriate length, which

improves over the course of training. In con-
trast, Qwen3 generates excessively long and of-
ten unnecessary reasoning at the beginning, and
this behavior does not improve during training, re-
sulting in no gain in final reward. Consequently,
we also evaluate Qwen3 with thinking disabled,
which performs significantly better—surpassing
Qwen2.5. We hypothesize that the mismatch be-
tween Qwen3’s thinking distribution and our task
setup introduces instability, causing GRPO train-
ing to collapse. PPO generally mitigates this issue,
and our proposed turn-PPO further enhances train-
ing stability and efficiency. We show trajectory
examples for WebShop in Appendix B.

GRPO v.s. PPO We present the comparison be-
tween GRPO and PPO variants in Table 2. As
shown, Token-PPO performs comparably to GRPO
or stabilizes its previously unstable training, while
our Turn-PPO achieves further improvements.

Table 2: Average reward comparison across GRPO,
Token-PPO, and Turn-PPO on WebShop and Sokoban
benchmarks. “Crash” indicates failed RL training runs.

Environment Model GRPO Token-PPO Turn-PPO

WebShop
Qwen2.5-3B 0.72 0.73 0.75
Qwen3-1.7B (no think) 0.78 0.77 0.80
Qwen3-1.7B (think) Crash 0.54 0.55

Sokoban
Qwen2.5-3B Crash 1.93 2.29
Qwen2.5-7B Crash 2.90 3.74

3.4 Ablation studies: PPO recipe
We conduct ablation studies on the hyperparame-
ters of the PPO-based algorithms. Given the large
number of hyperparameters and their high sensi-
tivity to final performance, our goal is to identify
the optimal training strategy for PPO-based meth-
ods. Our ablation focuses on the more challenging
setting with Qwen3 with long reasoning.

Learning rate PPO employs two separate learn-
ing rates for the actor and the critic respectively.
We find both to be highly sensitive: even slight ad-
justments can cause training instability or complete
failure. To provide meaningful learning signals,
the critic’s learning rate must be approximately 5–
10× higher than the actor’s; otherwise, training can
stagnate or diverge. Given this sensitivity, we set
the actor and critic learning rates to 1× 10−6 and
1× 10−5, respectively.

Batch size, epoch, and batch diversity In PPO,
the effective batch size is determined by two com-
ponents: the number of rollout samples BR col-
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Figure 3: Comparison of turn-PPO and token-PPO in mean reward across multiple settings and and clipping ratio for
Sokoban. Turn-PPO shows superior performance in most settings, highlighting the benefit of turn-level advantage
estimation.

lected per iteration and the minibatch size BM

used during updates. Additionally, one must se-
lect the number of epochs E to iterate over each
rollout dataset. A related hyperparameter is the
group size G, defined as the number of rollouts for
each distinct sample. Since rollout generation is
the primary bottleneck in LLM RL training, we
keep BR fixed and tune G, BM , and E to balance
sample efficiency and training stability.

These hyperparameters are shared between
GRPO and PPO, so we study them jointly. For
GRPO, we begin with the baseline configuration
(BR, G,BM , E) = (32, 16, 32, 1), where each
rollout collects 32 trajectories consisting of 2 dis-
tinct questions with 16 trajectories each. The mini-
batch size is set to 32, and we use a single epoch
(E = 1), meaning the collected data is used exactly
once for model updates. For PPO, the baseline is
(BR, G,BM , E) = (32, 1, 32, 1), where the 32 tra-
jectories each correspond to a different question
sampled once. This highlights a key advantage
of PPO over GRPO: for the same total number of
rollouts, PPO sees a wider variety of problems be-
cause it does not require multiple trajectories per
question.
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Figure 4: Ablation studies on (left) number of di-
verse samples in a batch, (middle) discount factor γ,
and (right) bias–variance trade-off parameter λ, show-
ing their impact on mean reward using WebShop and
Qwen3 with reasoning.

• We first ablate the batch diversity G for both
GRPO and PPO and observe distinct behav-
iors. For GRPO, when training remains stable,
increasing the number of samples per question
improves performance by yielding more ac-
curate advantage estimates. For PPO, in con-
trast, using a single sample per question gives
the best results. We attribute this to the fact
that higher problem diversity helps the critic
generalize better and prevents overfitting to
individual questions. The trends with respect
to G for PPO are illustrated in Figure 4.

• We then ablate (BM , E), which correspond
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to the classical batch size and number of
epochs in standard deep learning. In the base-
line setting, both GRPO and PPO perform
only one model update per rollout, represent-
ing a strict online RL regime. Because roll-
outs are the most expensive part of LLM RL
training, we explore more sample-efficient of-
fline strategies that reuse collected data mul-
tiple times. Specifically, we experiment with
smaller minibatch sizes BM and increased
epochs E. Our results suggest it is preferable
to first decrease BM rather than increase E,
since excessively reusing the same data across
many epochs risks overfitting.

Generalized advantage estimation: decay γ and
bias-variance trade-off λ We next discuss the
two key hyperparameters in generalized advantage
estimation (GAE) (Murphy, 2024) used in PPO.

Both parameters are critical for stable and effec-
tive advantage estimation in PPO. We emphasize
that our turn-PPO allows more flexible tuning of
γ and λ, yielding better performance. However,
in token-level PPO both must be fixed at 1.0. The
reason is that in turn-MDP, these parameters oper-
ate at the turn level, so a change such as from 1.0
to 0.95 only slightly affects the first turn. In con-
trast, in token-MDP where trajectories may contain
thousands of tokens, even a tiny reduction makes
early tokens effectively invisible, causing training
to diverge. Therefore, we report ablations only
for turn-PPO in Figure 4, where γ = 0.99 and
λ = 0.9 are found to be a relatively stable and
optimal choice.

The PPO recipe is summarized as follows:

To-Go List

1. The learning rate is very sensitive, with
the critic requiring a larger value than the
actor.

2. GRPO benefits from a larger number of
rollouts per sample, whereas PPO per-
forms better with greater sample diversity
within each batch.

3. Training with more minibatch updates per
rollout is preferable to increasing the num-
ber of epochs.

4. Turn-PPO allows flexible tuning of γ and
λ, consistently yielding improved results.

4 Conclusion

In this paper, we investigate RL algorithms for
multi-turn agentic LLMs. Within a unified frame-
work, we systematically identify the limitations of
existing GRPO and PPO algorithms in multi-turn
settings, both theoretically and empirically, across
multiple tasks and model scales. To address these
issues, we propose an improved PPO variant based
on a turn-MDP formulation, which stabilizes train-
ing and better captures turn-level credit assignment.
Finally, we provide practical training guidelines for
PPO-based algorithms, offering practical insights
for future research and applications.
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Limitations

Our study focuses on a detailed investigation of
effective RL training algorithms and optimization
strategies for multi-turn agents. As a result, we
only evaluate our methods on two representative
datasets, one for web-based agents and one for
embodied agents. In the embodied setting, we pri-
marily consider text-simulated environments. Fu-
ture work should extend our approach to real-world
web agents equipped with richer tool use and more
complex decision-making, as well as to embodied
scenarios involving physical interactions.
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A Training details

We report the full training hyperparameters used in
our main experiments. Following the notation in
Section 3.3, we denote (BR, G,BM , E) as the total
number of rollout samples per iteration, the group
size per distinct query, the minibatch size, and the
number of epochs over each rollout, respectively.
For GRPO, we use a learning rate of 1×10−6, a KL
coefficient of 0.001, and set (BR, G,BM , E) =
(256, 16, 64, 1) for WebShop and (512, 16, 128, 1)
for Sokoban. For PPO, we use an actor learning
rate of 1× 10−6, a critic learning rate of 1× 10−5,
with (BR, G,BM , E) = (256, 1, 64, 1) for Web-
Shop and (512, 16, 128, 1) for Sokoban. For both
GRPO and PPO, the clip ratio is fixed at 0.2, with
100 training steps for Qwen2.5-7B and 200 steps
for Qwen2.5-3B and Qwen3-1.7B.

B Trajectory examples

We present example trajectories from Qwen2.5 and
Qwen3 on WebShop. These examples clearly re-
veal distinct reasoning patterns between the two
models. In particular, Qwen3 exhibits much longer
reasoning chains, which substantially increases the
difficulty of training.

Qwen2.5

system
You’re a helpful assistant.

user
You are browsing an online shop. Based on the
instruction, find the product that close to the pro-
duction description. You need to read the website
and decide what action to take next until buying a
product. Available actions depends on the page: in the
search page you can search keywords, in the search
result page you can click an item url or click[next]
to navigate to next page, in the product page you can
click[description] or click[features] to see the details,
click[blue] or click[x-large] to choose size and colors,
click[buy now] when you decided to buy the product,
click[back to search] to return to search page. You
should only choose action from the available actions
list. Example process: I need a gingko light and 20x20
pillow cover that is hand painted. First search[gingko
light 20x20 pillow cover hand painted], answer format:
<answer>search[blanket with fleece throw]</answer>.
Valid answer is search[<keywords>] or
click[<clickable>].

Turn 1:
State:
Instruction: Find me machine wash, wash cold women’s
fashion hoodies & sweatshirts for dry clean, tumble
dry with color: vintage camo, and size: large, and
price lower than 60.00 dollars. We must buy a product

within 10 actions. It doesn’t have to match perfectly
with description. Search term should not include details
like size, color. Never search for more than 2 times.
Do not be too strict about the description, it’s more
important to buy one that is close enough within action
limit. Prioritize click a product in the current page over
going to next page. Almost never click[next] for more
than 2 times. Almost never click[< prev] unless you are
sure the product is on one of the previous pages. If you
have less than 3 actions left, just buy the first product
you see in the current page. If an matching option
exists, make sure to click[size] then click[color], one at
a time, before click[buy now], but don’t have to if only 1
action left, in that case you just click[buy now]. Never
click description. You must choose from these actions:
search[<content>]. You have 9 actions left. Always
output: <think>...</think><answer>...</answer>
with no extra text. Strictly follow this format. Max
response length: 300 words (tokens).

assistant
<think>Based on the instruction, I need
to find machine wash, wash cold women’s
fashion hoodies & sweatshirts for dry clean,
tumble dry with color: vintage camo, and
size: large, with a price lower than
60.00 dollars. I will start by searching
for these keywords to find a relevant
product.</think><answer>search[holiday
hoodie vintage camo large dry clean]</answer>

Reward: 0.0

Turn 2:
State:
Instruction: [SEP] Find me machine wash, wash cold
women’s fashion hoodies & sweatshirts for dry clean,
tumble dry with color: vintage camo, and size: large,
and price lower than 60.00 dollars [SEP] Back to Search
[SEP] Page 1 (Total results: 50) [SEP] next [SEP]
B01HQTWL6S [SEP] Expression Tees Pug Life Funny
Thug Life Unisex Adult Hoodie [SEP] $36.99 to $48.99
[SEP] B09QQP3356 [SEP] HAUKLIE Men’s Sports
Waffle Ribbed Polo Shirts Summer Short Sleeve Cotton
Muscle Quarter-Zip Henley T-Shirt Tunics Tops [SEP]
$10.99 [SEP] B07WX8FPGG [SEP] Matching Couple
Hoodies Set Funny Hubby Wifey Hoodies Pullover
Sweater Honeymoon [SEP] $23.99 to $37.99 [SEP]
B09HGFV91W [SEP] ZHDD Tops for Mens, Men’s
Knight Punk Vintage Style Long Sleeve Asymmetric
Hem Cowl Neck Teen Boys Gothic Pullover [SEP]
$4.98 to $7.99 [SEP] B09M63B87V [SEP] YALFJV
Women Long Sleeve Crew Neck Side Button T Shirts
Tunic Dress Loose Asymmetric Hem Tunic Pullover
to Wear with Leggings [SEP] $10.71 to $18.34 [SEP]
B00O30JLDK [SEP] Legendary Whitetails Men’s
Non-Typical Long Sleeve T-Shirt [SEP] $10.52 to $40.5
[SEP] B07Q87P8DQ [SEP] Permo Vintage Rustic
Industrial 3-Lights Kitchen Island Chandelier Triple
3 Heads Pendant Hanging Ceiling Lighting Fixture
with Oval Cone Clear Glass Shade (Antique) [SEP]
$94.99 [SEP] B09Q8RD8YN [SEP] Bungo Stray
Anime Dogs Anime Character, Long Sleeve, Sweatshirt,
Hoodie, T shirt [SEP] $19.99 [SEP] B09QQJJ3KM
[SEP] One Lucky Teacher St Patrick Day Shamrock Tee
Teachers Custom Personalized Unisex T-Shirts Long
Sleeve Hoodie Sweatshirt Gifts [SEP] $100.0 [SEP]
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B09S3BN15C [SEP] Mens Linen Shirt,Men’s Striped
Shirts Casual Short Sleeve Button Down Shirts Regular
Fit Hawaiian Shirts Beach Tees Tops [SEP] $3.78 to
$11.38. We must buy a product within 10 actions.
It doesn’t have to match perfectly with description.
Search term should not include details like size, color.
Never search for more than 2 times. Do not be too
strict about the description, it’s more important to buy
one that is close enough within action limit. Prioritize
click a product in the current page over going to next
page. Almost never click[next] for more than 2 times.
Almost never click[< prev] unless you are sure the
product is on one of the previous pages. If you have
less than 3 actions left, just buy the first product you
see in the current page. If an matching option exists,
make sure to click[size] then click[color], one at a
time, before click[buy now], but don’t have to if only 1
action left, in that case you just click[buy now]. Never
click description. You must choose from these actions:
click[back to search], click[next], click[b01hqtwl6s],
click[b09qqp3356], click[b07wx8fpgg],
click[b09hgfv91w], click[b09m63b87v],
click[b00o30jldk], click[b07q87p8dq],
click[b09q8rd8yn], click[b09qqjj3km],
click[b09s3bn15c]. You have 8 actions left. Always
output: <think>...</think><answer>...</answer>
with no extra text. Strictly follow this format. Max
response length: 300 words (tokens).

assistant
<think>Based on the search results, I need
to find a women’s fashion hoodie with a
vintage camo color and size large, priced
lower than 60.00 dollars. The product
B01HQTWL6S appears to be a holiday hoodie
with vintage camo color and a price range
that fits the criteria. I will click
on this product to proceed to the next
steps.</think><answer>click[b01hqtwl6s]</answer>

Reward: 0.0

Turn 3:
State:
Instruction: [SEP] Find me machine wash, wash cold
women’s fashion hoodies & sweatshirts for dry clean,
tumble dry with color: vintage camo, and size: large,
and price lower than 60.00 dollars [SEP] Back to
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Adult Hoodie [SEP] Price: $36.99 to $48.99 [SEP]
Rating: N.A. [SEP] Description [SEP] Features [SEP]
Reviews [SEP] Buy Now. We must buy a product within
10 actions. ... You must choose from these actions:
click[back to search], click[< prev], click[description],
click[features], click[reviews], click[buy now],
click[small], click[medium], click[large], click[x-large],
click[xx-large], click[3x-large], click[4x-large],
click[black], click[charcoal grey], click[forest
green], click[heather grey], click[kelly green],
click[maroon], click[navy blue], click[red], click[royal

blue], click[white], click[cotton candy], click[sand
camo], click[vintage camo]. You have 7 actions left.

assistant
|<think>Based on the current page, I need to
find the large size and vintage camo color
hoodie. The product B01HQTWL6S is the correct
one, and I need to prioritize clicking the
size and color options before proceeding to
buy.</think><answer>click[large]</answer>

Reward: 0.0

Turn 4:
State: (same as Turn 3)
assistant
<think>Based on the current page, I have
clicked on the large size. Now, I need
to prioritize clicking the color option
to ensure I find the correct hoodie with
the vintage camo color. The color options
include various choices, and vintage camo
is one of them.</think><answer>click[vintage
camo]</answer>

Reward: 0.0

Turn 5:
State: (same as Turn 3)
assistant
<think>Based on the current page, I have
clicked on the large size and vintage camo
color. Now, I need to proceed to the buy
now button to complete the purchase. I will
click on the buy now button to finalize
the purchase.</think><answer>click[buy
now]</answer>

Reward: 0.8

Qwen3

system
You’re a helpful assistant.

user
You are browsing an online shop. Based on the
instruction, find the product that close to the production
description. You need to read the website and decide
what action to take next until buying a product. Available
actions depends on the page: in the search page you
can search keywords, in the search result page you
can click an item url or click[next] to navigate to next
page, in the product page you can click[description] or
click[features] to see the details, click[blue] or click[x-
large] to choose size and colors, click[buy now] when
you decided to buy the product, click[back to search] to
return to search page. You should only choose action
from the available actions list. Example process: I need a
gingko light and 20x20 pillow cover that is hand painted.
First search[gingko light 20x20 pillow cover hand
painted], answer format: <answer>search[blanket
with fleece throw]</answer>. Valid answer is
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search[<keywords>] or click[<clickable>].

Turn 1:
State:
Instruction: Find me loose fit, day comfort, hand
wash women’s tops, tees & blouses with short sleeve,
polyester spandex for teen girls with color: b15-red, and
size: 3x-large, and price lower than 40.00 dollars.We
must buy a product within 10 actions. It doesn’t have to
match perfectly with description.
Search term should not include details like size, color.
Never search for more than 2 times.
Do not be too strict about the description, it’s more
important to buy one that is close enough within action
limit.
Prioritize click a product in the current page over going
to next page.
Almost never click[next] for more than 2 times.Almost
never click[< prev] unless you are sure the product is on
one of the previous pages.
If you have less than 3 actions left, just buy the first
product you see in the current page.
If an matching option exists, make sure to click[size]
then click[color], one at a time, before click[buy now],
but don’t have to if only 1 action left, in that case you
just click[buy now]. Never click description.
You must choose from these actions:search[<content>].
You have 9 actions left. Always output: <think> [Your
thoughts] </think> <answer> [your answer]
</answer> with no extra text. Strictly follow this format.
Max response length: 300 words (tokens).

assistant
<think> Okay, let’s see. The user is looking
for loose fit, day comfort, hand wash women’s
tops, tees & blouses with short sleeve,
polyester spandex for teen girls in b15-red,
size 3x-large, under $40. They need to buy
within 10 actions. First, I need to search
for the right keywords. The search term
should not include size or color details,
just the main features. So maybe "loose fit
day comfort short sleeve polyester spandex
teen girls hand wash" could work. That way,
the search results can show products that
match the description even if the exact size
and color aren’t specified. Next, after
searching, the user would see the results.
They need to click on a product. Since the
example shows clicking on a product URL, I’ll
assume the first result is the one they want.
Then, they might need to select the color
and size. But since the user can only click
once per action, maybe they can click buy now
immediately if the product meets the criteria.
However, the instruction says to click[size]
then[color] if needed, but if only one action
left, just buy. So if the first product meets
all the criteria, they can buy it right away.
Otherwise, move to the next page. But the user
said not to search more than twice, so maybe
the first search is enough. Let’s go with the
first search and then buy the first product
found. </think> <answer>search[loose fit day
comfort short sleeve polyester spandex teen
girls hand wash]</answer>

Reward: 0.0

Turn 2:
State:
Instruction: [SEP] Find me loose fit, day comfort, hand
wash women’s tops, tees & blouses with short sleeve,
polyester spandex for teen girls with color: b15-red, and
size: 3x-large, and price lower than 40.00 dollars [SEP]
Back to Search [SEP] Page 1 (Total results: 50) [SEP]
next [SEP] B09QQP3356 [SEP] HAUKLIE Men’s
Sports Waffle Ribbed Polo Shirts Summer Short Sleeve
Cotton Muscle Quarter-Zip Henley T-Shirt Tunics Tops
[SEP] $10.99 [SEP] B09M63B87V [SEP] YALFJV
Women Long Sleeve Crew Neck Side Button T Shirts
Tunic Dress Loose Asymmetric Hem Tunic Pullover
to Wear with Leggings [SEP] $10.71 to $18.34 [SEP]
B099231V35 [SEP] Mens Casual Cargo Pants Hi Vis
Viz Reflective Overalls High Visibility Safe Work Pants
Outdoor Hiking Trousers Big and Tall [SEP] $16.79
[SEP] B09QCVCYVY [SEP] Burband Womens High
Waist Bike Shorts Tummy Control Workout Yoga Pants
Running Exercise Running Shorts with Side Pockets
[SEP] $6.82 [SEP] B09ND8P2QR [SEP] InterestPrint
Deer and Stars Men’s Loungewear Pajama Sets -
Long Sleeve Tee and Jogger Pant [SEP] $43.59 [SEP]
B09ND9DP7J [SEP] InterestPrint Gold Horse Pattern
Men’s 2-Piece Sleepwear Set, Long Sleeve Shirt with
Pants Loungewear [SEP] $43.59 [SEP] B09KP78G37
[SEP] Women Faux Fur Lined Jacket Coat Winter
Warm Thick Fleece Outwear Trench Zipper Plus Size
Long Sleeve Plush Overcoat [SEP] $47.41 to $59.07
[SEP] B09Q5ZHRVM [SEP] Yinimo Mens Gym Shorts
Fashionable Loose Beach Drawstring Turkey Print
Beach Cool Shorts [SEP] $19.19 [SEP] B09PBPZ24Z
[SEP] myhehthw Women’s High Waisted Jeans for
Women Distressed Ripped Jeans Slim Fit Butt Lifting
Skinny Stretch Jeans Trousers [SEP] $22.99 to $25.99
[SEP] B09S3BN15C [SEP] Mens Linen Shirt,Men’s
Striped Shirts Casual Short Sleeve Button Down Shirts
Regular Fit Hawaiian Shirts Beach Tees Tops [SEP]
$3.78 to $11.38.We must buy a product within 10 actions.
It doesn’t have to match perfectly with description.
Search term should not include details like size, color.
Never search for more than 2 times.
Do not be too strict about the description, it’s more
important to buy one that is close enough within action
limit.
Prioritize click a product in the current page over going
to next page.
Almost never click[next] for more than 2 times.Almost
never click[< prev] unless you are sure the product is on
one of the previous pages.
If you have less than 3 actions left, just buy the first
product you see in the current page.
If an matching option exists, make sure to click[size]
then click[color], one at a time, before click[buy now],
but don’t have to if only 1 action left, in that case you
just click[buy now]. Never click description.
You must choose from these actions:click[back to search],
click[next], click[b09qqp3356], click[b09m63b87v],
click[b099231v35], click[b09qcvcyvy],
click[b09nd8p2qr], click[b09nd9dp7j],
click[b09kp78g37], click[b09q5zhrvm],
click[b09pbpz24z], click[b09s3bn15c].
You have 8 actions left. Always output: <think> [Your
thoughts] </think> <answer> [your answer]
</answer> with no extra text. Strictly follow this format.
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Max response length: 300 words (tokens).

assistant
<think> Okay, let’s see. The user is looking
for a specific product: loose fit, day
comfort, short sleeve, polyester spandex,
teen girls, red color, 3x-large, under $40.
They have 8 actions left. In Turn 1, they
searched for "loose fit day comfort short
sleeve polyester spandex teen girls hand
wash" and got several results. The first
result is a polo shirt priced at $10.99. The
user needs to check if this meets the criteria.
The color is not specified in the search
term, but the product’s color is mentioned
as "b15-red" in the description. Since the
search term didn’t include color details,
it’s possible this could match. The size is
3x-large, which is part of the description,
but the search term didn’t mention size. The
price is under $40, which fits. Now, the user
has 8 actions left. They can click on the
first product (B09QQP3356) to view it. Since
the instruction says to click a product in
the current page, they should click on the
first result. Then, they can check if it
meets all the criteria. If it does, they can
proceed to buy it. If not, they might need to
move to the next page, but the user can only
click[next] twice. Since they have 8 actions
left, clicking on the first product and then
buying it would be efficient. The user needs
to ensure they don’t search again, so they
should proceed to buy the first product found.
</think> <answer>click[b09qqp3356]</answer>

Reward: 0.0

Turn 3:
State:
Instruction: [SEP] Find me loose fit, day comfort, hand
wash women’s tops, tees & blouses with short sleeve,
polyester spandex for teen girls with color: b15-red, and
size: 3x-large, and price lower than 40.00 dollars [SEP]
Back to Search [SEP] < Prev [SEP] color [SEP] black
[SEP] gray [SEP] light blue [SEP] size [SEP] small
[SEP] medium [SEP] large [SEP] x-large [SEP] xx-large
[SEP] 3x-large [SEP] HAUKLIE Men’s Sports Waffle
Ribbed Polo Shirts Summer Short Sleeve Cotton Muscle
Quarter-Zip Henley T-Shirt Tunics Tops [SEP] Price:
$10.99 [SEP] Rating: N.A. [SEP] Description [SEP]
Features [SEP] Reviews [SEP] Buy Now.We must buy
a product within 10 actions. It doesn’t have to match
perfectly with description.
Search term should not include details like size, color.
Never search for more than 2 times.
Do not be too strict about the description, it’s more
important to buy one that is close enough within action
limit.
Prioritize click a product in the current page over going
to next page.
Almost never click[next] for more than 2 times.Almost
never click[< prev] unless you are sure the product is on
one of the previous pages.
If you have less than 3 actions left, just buy the first
product you see in the current page.
If an matching option exists, make sure to click[size]

then click[color], one at a time, before click[buy now],
but don’t have to if only 1 action left, in that case you
just click[buy now]. Never click description.
You must choose from these actions:click[back to
search], click[< prev], click[description], click[features],
click[reviews], click[buy now], click[black], click[gray],
click[light blue], click[small], click[medium],
click[large], click[x-large], click[xx-large], click[3x-
large].
You have 7 actions left. Always output: <think> [Your
thoughts] </think> <answer> [your answer]
</answer> with no extra text. Strictly follow this format.
Max response length: 300 words (tokens).

assistant
<think> Okay, let’s see. The user is trying
to find a specific product: loose fit, day
comfort, short sleeve, polyester spandex,
teen girls, red color, 3x-large, under $40.
They have 7 actions left. In Turn 2, they
clicked on the first product (B09QQP3356) and
now they’re on the product page. The next
step is to check if the color and size match.
The product’s color is not specified in the
search term, but the user wants red (b15-red).
The available colors are black, gray, light
blue. Since red isn’t listed, maybe the
product is a different color. But the user
might accept it as close. They need to select
the color and size. The size is already
3x-large, so they can click that. Then, they
can proceed to buy. Since they have 7 actions
left, they can click on the color options.
If the product doesn’t have red, they might
need to move to the next page, but the user
can only click[next] twice. Since they have
7 actions left, clicking on the color and
size would take 2 actions, then buy now. But
the user might need to check if the product
meets all criteria. If it doesn’t, they might
have to search again, but the instruction
says not to search more than twice. So, they
should proceed to buy the first product they
see, assuming it’s close enough. </think>
<answer>click[3x-large]</answer>

Reward: 0.0

Turn 4:
State:
Instruction: [SEP] Find me loose fit, day comfort, hand
wash women’s tops, tees & blouses with short sleeve,
polyester spandex for teen girls with color: b15-red, and
size: 3x-large, and price lower than 40.00 dollars [SEP]
Back to Search [SEP] < Prev [SEP] color [SEP] black
[SEP] gray [SEP] light blue [SEP] size [SEP] small
[SEP] medium [SEP] large [SEP] x-large [SEP] xx-large
[SEP] 3x-large [SEP] HAUKLIE Men’s Sports Waffle
Ribbed Polo Shirts Summer Short Sleeve Cotton Muscle
Quarter-Zip Henley T-Shirt Tunics Tops [SEP] Price:
$10.99 [SEP] Rating: N.A. [SEP] Description [SEP]
Features [SEP] Reviews [SEP] Buy Now.We must buy
a product within 10 actions. It doesn’t have to match
perfectly with description.
Search term should not include details like size, color.
Never search for more than 2 times.
Do not be too strict about the description, it’s more
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important to buy one that is close enough within action
limit.
Prioritize click a product in the current page over going
to next page.
Almost never click[next] for more than 2 times.Almost
never click[< prev] unless you are sure the product is on
one of the previous pages.
If you have less than 3 actions left, just buy the first
product you see in the current page.
If an matching option exists, make sure to click[size]
then click[color], one at a time, before click[buy now],
but don’t have to if only 1 action left, in that case you
just click[buy now]. Never click description.
You must choose from these actions:click[back to
search], click[< prev], click[description], click[features],
click[reviews], click[buy now], click[black], click[gray],
click[light blue], click[small], click[medium],
click[large], click[x-large], click[xx-large], click[3x-
large].
You have 6 actions left. Always output: <think> [Your
thoughts] </think> <answer> [your answer]
</answer> with no extra text. Strictly follow this format.
Max response length: 300 words (tokens).

assistant
<think> Okay, let’s see. The user is trying
to find a specific product: loose fit, day
comfort, short sleeve, polyester spandex,
teen girls, red color, 3x-large, under $40.
They have 6 actions left. In Turn 3, they
clicked on the size 3x-large. Now, they need
to check the color. The product’s color isn’t
specified, but the user wants red (b15-red).
The available colors are black, gray, light
blue. Since red isn’t listed, maybe the
product is a different color. But the user
might accept it as close. They can click
on the color options. Since they have 6
actions left, they can try the colors. If the
product doesn’t have red, they might need to
move to the next page, but the user can only
click[next] twice. Since they have 6 actions
left, they can try the colors and then buy.
But the instruction says to buy within 10
actions. So, they should proceed to buy after
checking the color. However, the user might
need to click on the color first. Wait, in
Turn 3, they clicked on 3x-large, and now
they’re on the product page. The next step is
to select the color. The available colors are
black, gray, light blue. The user can click
on these. If the product doesn’t have red,
they might need to move to the next page, but
the user can only click[next] twice. Since
they have 6 actions left, they can click on
the color options. Then, after selecting
the color, they can buy. But the user might
need to check if the color matches. If it
doesn’t, they might have to search again, but
the instruction says not to search more than
twice. So, they should proceed to buy after
selecting the color. The final action would
be to click buy now once the color is selected.
But the user has 6 actions left, so they can
click on the color, then buy. Therefore, the
answer is to click on the color and then buy.
</think> <answer>click[black]</answer>

Reward: 0.0

Turn 5:
State:
Instruction: [SEP] Find me loose fit, day comfort, hand
wash women’s tops, tees & blouses with short sleeve,
polyester spandex for teen girls with color: b15-red, and
size: 3x-large, and price lower than 40.00 dollars [SEP]
Back to Search [SEP] < Prev [SEP] color [SEP] black
[SEP] gray [SEP] light blue [SEP] size [SEP] small
[SEP] medium [SEP] large [SEP] x-large [SEP] xx-large
[SEP] 3x-large [SEP] HAUKLIE Men’s Sports Waffle
Ribbed Polo Shirts Summer Short Sleeve Cotton Muscle
Quarter-Zip Henley T-Shirt Tunics Tops [SEP] Price:
$10.99 [SEP] Rating: N.A. [SEP] Description [SEP]
Features [SEP] Reviews [SEP] Buy Now.We must buy
a product within 10 actions. It doesn’t have to match
perfectly with description.
Search term should not include details like size, color.
Never search for more than 2 times.
Do not be too strict about the description, it’s more
important to buy one that is close enough within action
limit.
Prioritize click a product in the current page over going
to next page.
Almost never click[next] for more than 2 times.Almost
never click[< prev] unless you are sure the product is on
one of the previous pages.
If you have less than 3 actions left, just buy the first
product you see in the current page.
If an matching option exists, make sure to click[size]
then click[color], one at a time, before click[buy now],
but don’t have to if only 1 action left, in that case you
just click[buy now]. Never click description.
You must choose from these actions:click[back to
search], click[< prev], click[description], click[features],
click[reviews], click[buy now], click[black], click[gray],
click[light blue], click[small], click[medium],
click[large], click[x-large], click[xx-large], click[3x-
large].
You have 5 actions left. Always output: <think> [Your
thoughts] </think> <answer> [your answer]
</answer> with no extra text. Strictly follow this format.
Max response length: 300 words (tokens).

assistant
<think> Okay, let’s see. The user is trying
to find a specific product: loose fit, day
comfort, short sleeve, polyester spandex,
teen girls, red color, 3x-large, under $40.
They have 5 actions left. In Turn 4, they
clicked on the color black. Now, they need
to check if the product meets all criteria.
The color is black, but the user wanted
red (b15-red). Since the search term didn’t
include color details, it’s possible the
product is a different color. But the user
might accept it as close. They have 5 actions
left. The next step is to buy the product.
Since they have 5 actions left, they can
click buy now immediately after selecting
the color. However, the instruction says
to click[size] then[color] before buy, but
if only 1 action left, just buy. Since
they have 5 actions left, they can proceed
to buy now. So the answer is to click buy
now. </think> <answer>click[buy now]</answer>
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Reward: 0.6
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