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ABSTRACT
Trainingmulti-turn agents for complex tasks is challenged by sparse
rewards. Existing methods are inefficient: they either learn exclu-
sively from successes, discarding valuable failure data, or require
rigid win-loss pairs, limiting data utilization. We propose Token-
level Advantage Policy Optimization (TAPO), a flexible, pair-free
method that leverages all trajectories. TAPO translates a trajectory’s
terminal reward into token-level advantages, effectively reinforcing
the entire sequence of actions in successful trajectories while penal-
izing those in failed ones. Furthermore, TAPO concentrates updates
on high-entropy tokens, which represent pivotal moments of model
uncertainty and are thus crucial for efficient exploration and policy
improvement. As a post-training optimization, TAPO substantially
boosts a baseline SFT agent’s average score from 74.2 to 89.4 (+20.5%
relative) on three challenging multi-turn benchmarks, outperform-
ing RFT and negative-aware baselines and demonstrating consistent
gains in both seen and unseen settings. The code is available at
https://github.com/Sunrepe/TAPO.
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1 INTRODUCTION
Multi-turn agents, ranging from conversational assistants to em-
bodied decision systems, often necessitate long interaction horizons
before receiving sparse terminal rewards. This characteristic ren-
ders policy learning particularly challenging: algorithms must effi-
ciently exploit scarce successful trajectories while simultaneously
extracting informative lessons from abundant failure cases.
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Figure 1: Comparison of RFT, ETO, and TAPO strategies. (a)
RFT utilizes only successful data. (b) ETO and DPO-based
methods require rigid failure–success trajectory pairs. (c)
TAPO leverages arbitrary mixtures of successful and failed
trajectories via group-level advantage estimation without
explicit pairing.

Existing post-training paradigms exhibit complementary limi-
tations in this context. Rejection Sampling Fine-tuning (RFT) [3]
effectively learns from successes but entirely discards the negative
signals embedded in failures. Conversely, preference-basedmethods
such as DPO [14], ETO [21], and IPR [27] leverage both positive and
negative feedback but typically rely on rigid win-loss pairing (as
shown in Figure 1(b)). This constraint leads to data inefficiency, as
exploration in open-ended environments naturally yields unpaired,
arbitrary numbers of successes and failures. Recent negative-aware
methods, such as NSR [33] and PMPO-AR [1], utilize failures but
often optimize at the sequence level with coarse credit assignment.

Token-level optimization offers a finer granularity of control but
has primarily been explored in restricted settings. Approaches like
TPPO [13] and POAD [26] focus on short-text generation or simple
interactions. These differ significantly from native long-horizon
agent environments (e.g., ScienceWorld [23], ALFWorld [19], Web-
Shop [29]), where trajectories involve extensive Chain-of-Thought
(CoT) reasoning [25] and rewards are strictly delayed. In such ex-
tended horizons, uniformly distributing a sparse terminal signal to
every token introduces substantial noise, as the critical reasoning
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Token with high entropyToken with low entropy

I need to examine the metal pot to ensure … However, identifying 
the correct name of the substance is equally crucial, as it will ....

𝑎𝑎𝑖𝑖𝑘𝑘

Policy optimization is performed on high-entropy tokens

(a) High-entropy tokens (red) are sparse but decisive in reasoning
path selection.

-0.
00

-0.
05

0.0
5-0

.10

0.1
0-0

.15

0.1
5-0

.20

0.2
0-0

.25

0.2
5-0

.30

0.3
0-0

.35

0.3
5-0

.40

0.4
0-0

.45

0.4
5-0

.50

0.5
0-0

.55

0.5
5-0

.60

0.6
0-0

.65

0.6
5-0

.70

0.7
0-0

.75

0.7
5-0

.80

0.8
0-0

.85

0.8
5-0

.90

0.9
0-0

.95

0.9
5-1

.00
≥1.0

0

Token Entropy (nats)

1

e3

e5

e8

e10

Fr
eq

ue
nc

y 
(lo

g 
sc

al
e)

50
%

=0
.0

11

80
%

=0
.4

29

90
%

=0
.7

60

Token-level Entropy Histogram

0.0%

0.0%

0.3%

4.4%

58.6%

Fr
ac

tio
n 

of
 to

ta
l (

%
)

(b) Entropy histogram of token-level advantages.

Figure 2: Comparison of entropy-related visualizations.

steps are often buried amidst numerous syntactically necessary but
decision-irrelevant tokens.

To address this credit assignment challenge, we propose Token-
level Advantage Policy Optimization (TAPO), a paradigm de-
signed for sample-efficient learning from unpaired trajectories. Un-
like traditional dense-reward methods, TAPO does not require step-
by-step supervision. Instead, it effectively "distills" the outcome of
a long trajectory into its decisive moments. It achieves this through
two core innovations:

1. Group-level Advantage Estimation To learn from unpaired
data without rigid win-loss constraints, we treat a batch of trajec-
tories sampled from the same start state as a group, inspired by
GRPO [8]. We calculate a normalized advantage for each trajectory
based on its relative performance within the group. Crucially, this
trajectory-level advantage is broadcast to the token level, providing
a unified learning signal for the entire sequence that reflects its over-
all success or failure relative to the baseline, thereby maximizing
the utility of both positive and negative samples (Figure 1(c)).

2. Entropy-guided Critical Token Selection:While the advan-
tage is derived at the trajectory level, applying it uniformly to every
token is inefficient for long-horizon tasks. Drawing on insights
fromWang et al. [24], who observe that generation is dominated by
low-entropy tokens serving merely for syntactic coherence, TAPO
focuses on the sparse subset of high-entropy positions that govern
critical reasoning branching (Figure 2a). We employ an entropy-
based indicator to identify these decision-critical tokens and strictly
mask the policy update to them. This ensures that the trajectory
advantage reinforces only pivotal decisions while ignoring trivial
syntactic generations.

Experiments on WebShop, ScienceWorld, and ALFWorld demon-
strate consistent gains across model scales. Utilizing Qwen3-4B,
TAPO achieves an average score of 89.4, surpassing SFT by 15.2
points and outperforming strong baselines including DPO, RFT,
NSR, and PMPO-AR by margins of 3.8 to 9.2 points. These results
confirm that integrating GRPO-style advantage estimation with
entropy-aware target selection is a highly effective paradigm for
sparse-reward multi-turn agent optimization.

Our main contributions are summarized as follows:

• Wepropose TAPO, a pair-free policy optimization framework
that learns jointly from successful and failed trajectories by
adapting GRPO-style group advantages to multi-turn agent
tasks.

• We introduce an entropy-guided target selection mechanism
that focuses optimization on decision-critical tokens, signifi-
cantly improving sample efficiency.

• We demonstrate that TAPO achieves state-of-the-art per-
formance on complex agent benchmarks, offering a robust
alternative to rigid preference-pairing methods.

2 RELATEDWORK
2.1 Multi-turn Agents and Sparse Rewards
Recent AgentRL studies fall into two broad lines. The first converts
static single-turn tasks into multi-step tool-using reasoning pro-
cesses (e.g., ARTIST, ToRL, rStar2-Agent, and Satori) [10, 15, 17, 20],
effectively reformulating them as trajectory-level decision prob-
lems [31]. The second focuses on native multi-turn environments
such as ScienceWorld, ALFWorld, WebShop, and WebArena, where
agents must act under partial observations across many steps with
only sparse terminal rewards [19, 23, 29, 32]. Long-horizon plan-
ning and credit assignment under delayed feedback are central
challenges in this regime [6]. Prior work addresses these via self-
reflection, trajectory ranking, or hybrid policy optimization [18, 21,
27]. TAPO is designed for this second, more demanding setting.

2.2 Policy Optimization with Positive and
Negative Samples

Preference optimizationmethods such asDPO and its agent-oriented
variants learn from success–failure comparisons but require explicit
win-loss trajectory pairing, limiting the use of unpaired data [14].
More recent methods further exploit failure signals: PMPO-AR [1]
extends EM theory to incorporate negative samples under a KL-
divergence constraint, while NSR [33] demonstrates that assigning
a fixed advantage of +1 to positive and −1 to negative trajectories
already yields notable gains. At the algorithmic level, GRPO [8] and
DAPO [30] integrate positive and negative signals through group-
relative normalization. Despite their strengths, these approaches
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operate with sequence-level or fixed-sign signals and still depend
on some form of trajectory pairing. TAPO instead performs pair-free
training by computing token-level advantages directly from whole-
trajectory returns of both success and failure rollouts, enabling
more flexible and efficient utilization of all collected data.

2.3 Entropy-Guided and Token-Level Policy
Updates

Token-level methods have been proposed to achieve finer-grained
policy updates. TPPO [13] applies per-token PPO to query gener-
ation with short sequences (≤10 tokens), relying on a large aux-
iliary model for token reward annotation—a procedure that is in-
feasible for long multi-turn trajectories (≥2K tokens). POAD [26]
studies token-level optimization via action decomposition in short-
horizon settings without chain-of-thought reasoning, which has
been shown to degrade substantially in complex environments [21].
ARPO [5] leverages high-entropy token awareness primarily to
improve rollout sampling in tool-integrated reasoning, rather than
to guide training-time optimization in native interactive environ-
ments.

Separately, entropy collapse has been identified as a key obsta-
cle in LLM RL [4], motivating entropy-aware training methods
such as AEnt [16]. Most relevant to TAPO, Wang et al. [24] show
that trajectory-defining decisions concentrate in a small number
of high-entropy “forking” tokens, and that restricting gradient up-
dates to these tokens alone can match or exceed full-token updates.
TAPO adopts this insight at training time and uniquely combines
entropy-based token selection with token-level positive and nega-
tive advantages derived from whole-trajectory returns—achieving
targeted, sample-efficient optimization tailored to complex multi-
turn interactive environments with sparse rewards.

3 METHOD
3.1 Preliminaries: Formalizing Multi-turn

Interaction
We formalize the agent’s interaction as a decision-making process.
Given a goal 𝑔 and an initial observation 𝑜1, the agent’s policy
𝜋𝜃 generates an action 𝑎𝑘 ∼ 𝜋𝜃 (· | 𝑔, 𝑜1, 𝑎1, . . . , 𝑜𝑘 ) at step 𝑘 . The
environment returns a new observation 𝑜𝑘+1, forming a trajec-
tory 𝜏 = (𝑔, 𝑜1, 𝑎1, . . . , 𝑜𝑇 , 𝑎𝑇 ) upon termination. Each trajectory
is assigned a final reward 𝑅, which can be binary (𝑅 ∈ {0, 1}),
continuous, or negative.

To simplify notation, we denote the context at step 𝑘 as 𝑥𝑘 ≜
(𝑔, 𝑜≤𝑘 , 𝑎<𝑘 ) and the agent’s generated action as 𝑦𝑘 = 𝑎𝑘 . We use 𝑥
and 𝑦 to generally refer to the context and target action sequences,
respectively.

3.2 Efficient Policy Updates via
Entropy-Guidance

A central observation is that, for many sequence decision tasks,
only a subset of tokens—those with high predictive uncertainty
under the policy model—are critical for improving decision quality.
TAPO concentrates policy updates on such decision-critical tokens
to improve compute-efficiency and agent performance.

Specifically, the entropy for each token in sequence 𝑦𝑖 can be
computed using the policy model 𝜋𝜃 as:

𝐻𝑖,𝑡 = −
∑︁
𝑣∈V

𝜋𝜃 (𝑣 | 𝑦𝑖,<𝑡 , 𝑥𝑖 ) log𝜋𝜃 (𝑣 | 𝑦𝑖,<𝑡 , 𝑥𝑖 ), (1)

whereV denotes the vocabulary. We then define a selection indi-
cator 𝑆𝑖,𝑡 with an entropy threshold 𝜂:

𝑆𝑖,𝑡 = 𝑀𝑖,𝑡 · 1
(
𝐻𝑖,𝑡 ≥ 𝜂

)
. (2)

The indicator combines two components: (1) an entropy filter 1(·)
which is active for high-entropy tokens, and (2) amask𝑀𝑖,𝑡 that
ensures gradients are applied only to agent-generated action tokens,
excluding context such as environment feedback or prompts.

3.3 Token-level Advantage Policy Optimization
(TAPO)

3.3.1 Token-level Advantage Computation. The core of TAPO is to
adapt the concept of advantage functions from reinforcement learn-
ing for policy optimization at the token level. It enables efficient
learning from an unpaired mix of success and failure samples by
assigning advantages based on final trajectory outcomes.

For a given task with same task objective, we use the reference
policy 𝜋ref to sample𝐺 trajectories {𝜏𝑖 }𝐺𝑖=1. Each trajectory receives
a binary reward 𝑅𝑖 ∈ {0, 1}, where 𝑅𝑖 = 1 if the trajectory fully
succeeds in accomplishing the task and 𝑅𝑖 = 0 otherwise. To com-
pute the advantage, we standardize the rewards across these 𝐺
trajectories as follows:

𝐴𝑖 =
𝑅𝑖 −mean({𝑅 𝑗 }𝐺𝑗=1)

std({𝑅 𝑗 }𝐺𝑗=1) + 𝜖
, (3)

where 𝜖 is a small constant for numerical stability. The advantage
𝐴𝑖 is assigned uniformly to all tokens within trajectory 𝑖 , so that suc-
cessful trajectories obtain positive values while failed ones obtain
negative values.

3.3.2 TAPO Loss Formulation. To effectively propagate trajectory-
level signals to token-level optimization, we draw inspiration from
GRPO’s clipped objective[8] and introduce TAPO loss as

LTAPO (𝜃 ) = −E 𝑥∼D
{𝑦𝑖 }𝐵𝑖=1∼𝜋ref

[
1

𝐵∑︁
𝑖=1

|𝑦𝑖 |∑︁
𝑡=1

𝑆𝑖,𝑡

𝐵∑︁
𝑖=1

|𝑦𝑖 |∑︁
𝑡=1

𝑆𝑖,𝑡 ℓ
(
𝑤𝑖,𝑡 (𝜃 ), 𝐴𝑖

) ]
,

(4)
where

ℓ
(
𝑤𝑖,𝑡 , 𝐴𝑖

)
= min

(
𝑤𝑖,𝑡 𝐴𝑖 , clip

(
𝑤𝑖,𝑡 , 1 − 𝜀, 1 + 𝜀

)
𝐴𝑖

)
.

Here𝑤𝑖,𝑡 (𝜃 ) =
𝜋𝜃 (𝑦𝑖,𝑡 | 𝑦𝑖,<𝑡 , 𝑥𝑖 )
𝜋ref (𝑦𝑖,𝑡 | 𝑦𝑖,<𝑡 , 𝑥𝑖 )

is the importance ratio and 𝜀 is

the clipping hyperparameter. The token selector 𝑆𝑖,𝑡 , as detailed in
Section 3.2, determines whether token (𝑖, 𝑡) is included in the loss
computation.

Notably, our approach differs from GRPO [8] in its optimization
scope. While the advantage estimation remains strictly group-level,
the policy optimization is performed across the entire batch 𝐵.
In contrast, GRPO performs optimization within distinct groups
of trajectories. This modification is a practical compromise moti-
vated by computational constraints; processing a large number of
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Task: put a hot apple in garbagecan. 
-----------------------------------------------------------------
<plan> The objective is decomposed into 
subplans:… the first is to find an apple.</plan>
<command> go to sinkbasin 1</command>
-----------------------------------------------------------------
Observation: You arrive at sinkbasin 1 ...
<think>There is an apple here. I should pick it up 
to proceed with the task.</think>
<command>take apple from 
-----------------------------------------------------------------
Observation: You …
<think> To…</think>
<command> go… </command> 
-----------------------------------------------------------------
<think>Now that I'm sure this is the correct 
garbage can, I will complete the task by putting the 
hot apple in it.</think>
<command>move apple to garbagecan </command>

Reward: 1.0 (End of the task)

Expert Trajectories

Run n-turns

SFT

LLM

Rollout Phase

…𝑎𝑎12𝑔𝑔
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……
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𝑜𝑜12
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𝑜𝑜1𝑘𝑘

𝐴𝐴12

𝐴𝐴11

𝐴𝐴1𝑘𝑘
…

TAPO Training

< 0

> 0

> 0

…

sinkbasin </command>

Select high-entropy tokens Aux CE Loss:  success only

𝒟𝒟good

Multi-turn
Agent 𝜋𝜋ref

Figure 3: Overview of the TAPO framework. During each interaction, the agent generates both a reasoning process (reason)
and the corresponding command. After SFT on expert trajectories, we sample trajectories for each task and compute the
corresponding advantages, which are then used to build the TAPO loss for training.
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Figure 4: Gradient and behavior analysis.

groups simultaneously within a single mini-batch often leads to out-
of-memory (OOM) errors. By operating on a standard batch, our
method can scale to any number of trajectories. As our experiments
will demonstrate, this removal of the intra-group optimization con-
straint still yields excellent performance.

3.3.3 Gradient Analysis of TAPO. To elucidate the mechanics of
TAPO, we analyze the gradient of its objective function. The clip-
ping mechanism, illustrated in Figure 4, constrains the gradient of
the loss term ℓ with respect to the importance ratio𝑤𝑖,𝑡 :

𝜕ℓ (𝑤𝑖,𝑡 , 𝐴𝑖 )
𝜕𝑤𝑖,𝑡

=

{
𝐴𝑖 , if𝑤𝑖,𝑡 is within the trust region,
0, if𝑤𝑖,𝑡 is outside the trust region (clipped).

This structure enforces conservative policy updates:𝑤𝑖,𝑡 moves
in the direction indicated by the sign of 𝐴𝑖 but stops once it leaves
the trust interval [1− 𝜀, 1 + 𝜀], preventing overly large policy shifts.
We analyze the two primary cases below.

(a) Negative Advantage (𝐴𝑖 < 0). For failure trajectories, the
objective is to reduce their likelihood under the policy. TAPO penal-
izes unfavorable actions only as long as the current policy remains
close to the reference policy (within the trust region defined by 1−𝜀).
Once the policy diverges sufficiently—such that𝑤𝑖,𝑡 < 1 − 𝜀—the
penalty is deactivated, thereby avoiding excessive suppression that
could destabilize training. Since 𝐴𝑖 < 0 in this case, the update de-
creases 𝜋𝜃 (𝑦𝑖,𝑡 | 𝑦𝑖,<𝑡 , 𝑥𝑖 ), but in a controlled manner that respects
the trust region.

(b) Positive Advantage (𝐴𝑖 > 0). For successful trajectories, the
goal is to increase their probability under the policy. TAPO rein-
forces beneficial actions only within the trust region around the
reference policy. The clipping mechanism prevents overly aggres-
sive policy updates when the current policy deviates too far (i.e.,
𝑤𝑖,𝑡 > 1 + 𝜀), thereby maintaining training stability and guarding
against policy collapse. In this regime, the positive advantage leads
to an increase in 𝜋𝜃 (𝑦𝑖,𝑡 | 𝑦𝑖,<𝑡 , 𝑥𝑖 ), but in a bounded and stable
fashion.

3.4 Overall Training Objective and Procedure
To maintain the model’s language capabilities, we add an auxil-
iary cross-entropy (CE) loss, computed exclusively on successful
trajectories (Dgood):

LCE (𝜃 ) = −E(𝑥,𝑦)∼Dgood


1
|𝑦 |

|𝑦 |∑︁
𝑡=1

log𝜋𝜃 (𝑦𝑡 | 𝑦<𝑡 , 𝑥)
 . (5)

Research Paper Track AAMAS 2026, May 25–29, 2026, Paphos, Cyprus

1345



The final training objective is a weighted sum of the TAPO and CE
losses:

L̂total (𝜃 ) = 𝜆 · LTAPO (𝜃 ) + 𝛼 · LCE (𝜃 ), (6)
where 𝜆 and 𝛼 are balancing coefficients.

3.4.1 Optimization Procedure. The training procedure is as follows
(see Figure 3 for an overview):

(1) Initialization and SFT: Train a reference policy 𝜋ref via Su-
pervised Fine-Tuning (SFT) on expert trajectories. Initialize
the learnable policy 𝜋𝜃 with the weights of 𝜋ref.

(2) Rollout Phase: For a given task, use 𝜋ref to sample 𝐺 tra-
jectories {𝜏𝑖 }𝐺𝑖=1 by interacting with the environment.

(3) Computation: Compute the standardized advantage 𝐴𝑖 for
each trajectory. Additionally, calculate token-level entropies
𝐻𝑖,𝑡 and identify informative tokens for optimization.

(4) TAPO Training: Update the policy 𝜋𝜃 by minimizing the
total loss L̂total (𝜃 ), which consists of the TAPO loss and an
auxiliary cross-entropy loss. Notably, if a group of 𝐺 trajec-
tories contains no successes (i.e., all 𝑅𝑖 = 0), it is discarded
to prevent learning from purely negative signals.

4 EXPERIMENTS
4.1 Experimental Setup
Benchmarks.We conducted comprehensive experiments on three
classic agent environments to evaluate our proposed TAPO algo-
rithm. These environments are: WebShop [29], which simulates
real-world web navigation and shopping tasks; ScienceWorld [23],
designed for conducting scientific experiments in a text-based set-
ting; and ALFWorld [19], focused on completing multi-step, embod-
ied household tasks in a simulated environment.

Models and Baselines.We consider both one-shot prompt base-
lines (GPT-4 [2], GPT-3.5-Turbo [12]) and trainable open-source
models (Llama3-8B [7], Qwen3 series models [28]). In addition, we
report Llama2-7B + ETO [21] as an important baseline. Further-
more, we compare TAPO against the following baselines: SFT [11]
(direct fine-tuning); DPO [14] (using win–loss preference pairs);
RFT [3] (learning exclusively from successes); NSR [33] (fixed
signed advantages +1/−1); and PMPO-AR [1] (EM-style updates
with KL-constraint).

Table 1: Learning rates for different models in SFT and post-
training stages.

Model SFT Stage Post-training Stage

Llama3-8B 6.0 × 10−6 8.0 × 10−7
Qwen3-4B 1.8 × 10−5 6.0 × 10−6
Qwen3-8B 1.2 × 10−5 4.0 × 10−6
Qwen3-0.6B 8.0 × 10−5 1.2 × 10−5
Qwen3-1.7B 5.0 × 10−5 8.0 × 10−6

Implementation Details. Our TAPO algorithm was imple-
mented by modifying the openrlhf [9] codebase. All experiments
were conducted on a single server equipped with eight NVIDIA
A800 GPUs. The training hyperparameters are as follows:

• Learning Rate: The learning rates for different models in
both the SFT and post-training stages are summarized in
Table 1.

• TAPO Parameters: The core TAPO coefficient 𝜆 was set to
0.8, and the auxiliary loss coefficient 𝛼 was set to 0.2. The
entropy filtering threshold 𝜂 was set to 0.01, which filters out
approximately 50% of the tokens with the lowest entropy.

Evaluation Metrics. The reward mechanisms differ across en-
vironments: WebShop provides a floating-point reward between 0
and 1; ALFWorld offers a binary success reward (0 or 1); Science-
World provides sparse, step-level rewards ranging from 0 to 100. To
unify the evaluation, we linearly scale all scores to a 0-100 range.
To ensure the stability of our results, we run 8 independent trials
for each task in the test sets and report the average score. The final
performance metric is the mean of these average scores across all
tasks within a benchmark.

4.2 Analysis of Main Experimental Results
To comprehensively evaluate the performance of our proposed
TAPO method, we conducted extensive experiments across three
representative interactive decision-making environments. Themain
results are presented in Table 2, with the learning rates for different
models specified in Table 1. Our analysis centers on the following
aspects.

Overall Gain. The results clearly demonstrate that our TAPO
method achieves significant performance improvements across all
benchmarks. Notably, the Qwen3-4B model enhanced with TAPO
achieves a new state-of-the-art (SOTA) average score of 89.4. Com-
pared to the strongest baseline, NSR (85.6), TAPO yields an absolute
improvement of 3.8 percentage points. Furthermore, when com-
pared to prompt-based methods using powerful closed-source mod-
els like GPT-4 (average score of 54.7), our fine-tuning approach on
open-source models shows a compelling advantage, highlighting
the immense potential of post-training to unlock model capabilities.

Cross-task Generalization. TAPO’s performance on "Unseen"
tasks is particularly outstanding, directly validating its strong gen-
eralization capabilities. For instance, in the ScienceWorld and ALF-
World environments, Qwen3-4B + TAPO scores 84.5 and 94.6 on
unseen tasks, respectively, setting the best results in both. This
indicates that TAPO does not merely memorize successful patterns
from the training tasks but learns a generalizable and transferable
set of policies for decision-making and reasoning. This ability is
crucial for agents to handle novel scenarios in the real world.

ConsistencyAcross BaseModels.As shown in Table 2, TAPO’s
effectiveness is not limited to a specific model. It delivers consis-
tent and significant performance gains across various base models,
including Llama3-8B, Qwen3-4B, and Qwen3-8B. This confirms the
robustness of TAPO as a general-purpose post-training algorithm.
An interesting observation is that, under our experimental setup,
the Qwen3-4B model fine-tuned with TAPO (89.4 average) slightly
outperforms its larger counterpart, Qwen3-8B (87.7 average). We
provide a more detailed analysis of this cross-model performance
in Section 4.4.

Together, these results indicate that TAPO’s loss design and
selective-token filtering provide reliable gains in both in-distribution
and out-of-distribution (Unseen) task performance.
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Table 2: Main results across three environments.

Paradigm Method WebShop ScienceWorld ALFWorld Average
Seen Unseen Seen Unseen

Prompt-based GPT-4 63.2 64.8 64.4 42.9 38.1 54.7
GPT-3.5-Turbo 62.4 16.5 13.0 7.9 10.5 22.1

Baselines

Llama2-7B + ETO 67.4 73.8 65.0 68.6 72.4 69.4
Qwen 3-4B + SFT 68.7 81.7 69.5 78.2 72.8 74.2
Qwen 3-4B + DPO 74.3 82.4 77.6 85.5 81.3 80.2
Qwen 3-4B + RFT 82.1 84.7 79.2 92.2 83.8 84.4
Qwen 3-4B + NSR 78.4 87.9 80.7 91.2 89.8 85.6
Qwen 3-4B + PMPO-AR 72.5 86.5 81.3 90.7 91.2 84.4

Our Method
Llama3-8B + TAPO 77.3 89.1 81.3 87.1 86.7 84.3
Qwen 3-4B + TAPO 81.9 90.2 84.5 95.6 94.6 89.4
Qwen 3-8B + TAPO 80.1 92.1 81.6 93.2 91.7 87.7
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Figure 5: Training process of TAPO on ALFWorld using Qwen3-4B as the base model. The 2 × 2 subplots on the left depict the
dynamics of the ratio during training, where neg indicates tokens with Advantage < 0 and pos indicates tokens with Advantage
> 0. The enhanced contrast view plots highlight the results across training epochs for clearer observation. The two plots on the
right show the changes in the number of tokens used for parameter updates throughout training.

Training Dynamics and Stability (Figure 5). To better understand
the behavior of TAPO during training, we record and visualize key
parameters in Figure 5. The observations align with the following
expectations:

First, the relationship between advantage estimates 𝐴𝑖 and im-
portance ratio𝑤𝑖,𝑡 (𝜃 ) behaves as expected in Section 3.3.3: when
𝐴𝑖 > 0,𝑤𝑖,𝑡 (𝜃 ) gradually increases; when 𝐴𝑖 < 0, it decreases. This
consistent trend across epochs confirms that TAPO dynamically

amplifies advantageous trajectories while suppressing detrimental
ones.

Second, thanks to the clipping constraint (restricting the pol-
icy ratio within [0.8, 1.1]), parameter updates remain moderate,
preventing policy collapse or instability. As verified in later ab-
lation studies, combining this with the entropy threshold helps
the model retain reasoning quality from SFT while enabling stable
improvement.
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Table 3: Ablation study on training methods and training epochs. The base model is Qwen3-4B.

Training Scheme Setting WebShop Unseen Average
ScienceWorld ALFWorld

Module Ablation

w/o 𝑆𝑡
𝑗

79.9 82.1 88.9 83.6
w/o LCE 79.3 82.8 93.7 85.3
w/o LTAPO 82.1 79.2 83.8 81.7
w/ L̂total 81.9 84.5 94.6 87.0

Training Iteration

Epoch=1 77.2 81.5 79.2 79.3
Epoch=2 79.3 88.6 81.3 83.1
Epoch=3 81.9 84.5 91.6 86.0
Epoch=4 78.7 82.3 93.1 84.7
Epoch=5 79.5 81.5 94.6 85.2
Epoch=6 75.1 80.1 91.2 82.1

Finally, the figure also illustrates the effect of the entropy thresh-
old over different training epochs. We observe two key trends: (1)
as training progresses, the amount of training data sampled per
epoch decreases (indicated by shorter training steps in the figure);
and (2) concurrently, the number of high-entropy tokens selected
by the filter diminishes over epochs. This is expected, as the model
becomes more confident in its predictions for these tokens, their
entropy falls below the threshold, and they are no longer included
in the TAPO loss computation.

4.3 Ablation study
To validate the contribution of each key component within our
TAPO framework, we conducted a series of ablation studies. We
ablate three main components on the Qwen3-4Bmodel: the entropy-
based token selector 𝑆𝑡

𝑗
, the auxiliary cross-entropy loss LCE, and

the core TAPO loss term LTAPO. The results are reported in Table 3.
Primary Role of TAPO Loss. Removing the core LTAPO term

(row "w/o LTAPO"), where the model is effectively trained only
with SFT, causes the average performance to drop sharply from
87.0 to 81.7. This 5.3-point decrease is the largest among all ab-
lations, strongly confirming that LTAPO is the primary driver of
the performance gains by enabling the model to learn from the
distinction between successful and failed trajectories.

Auxiliary CE Stabilizes Learning. Removing the auxiliary
cross-entropy loss LCE (row "w/o LCE") results in a performance
drop to 85.3. While still superior to the SFT baseline, this demon-
strates that LCE plays a crucial role in stabilizing the training
process and preventing the model from deviating excessively from
the language knowledge acquired during SFT, thereby mitigating
catastrophic forgetting.

Entropy Filter Contributes to Robustness.When the entropy
filter 𝑆𝑡

𝑗
is removed (row "w/o 𝑆𝑡

𝑗
"), causing all tokens to be updated,

the average performance falls to 83.6. This shows that focusing
updates on the most uncertain and critical decision points not
only improves training efficiency but also enhances the model’s
robustness by concentrating the learning signal.

Table 4: Parameters sensitivity of entropy threshold 𝜂.

Threshold Unseen Average
ScienceWorld ALFWorld

𝜂 = 0 82.1 88.9 85.5
𝜂 = 0.01 84.5 94.6 89.6
𝜂 = 0.04 81.1 86.8 84.0
𝜂 = 0.4 78.9 78.7 78.8

We also evaluate the parameter sensitivity of the entropy thresh-
old𝜂 on both ScienceWorld andALFWorld benchmarks, as shown
in Table 4. We observe that setting 𝜂 = 0.01 yields the best overall
performance, achieving an average success rate of 89.6. According
to Figure 2b, this threshold roughly filters out about 50% of low-
entropy tokens, effectively focusing updates on more informative
regions. While increasing the threshold further (𝜂 > 0.01) leads to
a gradual decline in performance, the auxiliary loss term LCE in
our objective prevents excessive degradation, maintaining stabil-
ity across settings. Notably, this choice of threshold differs from
that used in [24], suggesting that the optimal entropy constraint
is task-dependent and should be tuned according to the specific
environment and policy entropy distribution.

Furthermore, we analyze the impact of Training Iterations.
As shown in Table 3, TAPO demonstrates high efficiency: perfor-
mance improves substantially after just one epoch, peaks around
epoch 3 on WebShop and ScienceWorld and around epoch 5 on
ALFWorld, and remains consistently strong in later epochs. These
results indicate that TAPO converges quickly and achieves optimal
or near-optimal performance within only a few training epochs,
highlighting its effectiveness as a post-training method

4.4 Analysis of Cross-Model Performance
To investigate the scalability and generalizability of TAPO across
different model sizes, we conducted comparative experiments on
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Figure 6: Performance comparison of different models. The figure illustrates the performance of models from the Qwen3 series
at different scales across three benchmark environments. Each bar represents two values: the smaller one corresponds to the
performance after SFT, while the larger one corresponds to the performance after TAPO post-training.

the Qwen3 model series. Figure 6 illustrates the performance trends
of SFT and TAPO with respect to model scale.

Our analysis yields three key findings:
1. TAPO is universally effective across all model sizes. From

0.6B to 8B parameters, applying TAPO leads to a substantial leap
in performance compared to SFT alone. Specifically, the average
performance improvement after applying TAPO exceeds 13 points
for all models, with the Qwen3-1.7B model showing the most sig-
nificant gain of 18.2 points (from 57.5 to 75.7).

2. TAPO demonstrates outstanding performance across
diverse environments. Despite the significant differences in task
formats and domain knowledge between WebShop, ScienceWorld,
and ALFWorld, TAPO consistently improves model performance
in all three. This highlights its versatility in handling various multi-
turn interactive tasks. The improvement is particularly pronounced
in the embodied AI environment of ALFWorld, where the average
performance gain exceeds 20.0 points.

3. Performance trends with model scaling reveal an inter-
esting pattern. For models smaller than 4B parameters, perfor-
mance for both SFT and TAPO steadily increases with model size.
However, a noteworthy phenomenon is that the Qwen3-4B model
with TAPO (87.0 average) outperforms the larger Qwen3-8B (84.5
average). We hypothesize two potential reasons for this:

• Hyperparameter Sensitivity.Althoughwe set the learning
rates (see Table 1) based on the official report [28], these
settings may not be optimal for fine-tuning the Qwen3-8B
model on these complex interactive environments.

• Model Capacity versus Task Complexity. The 4B model
might already possess sufficient capacity to capture the nec-
essary reasoning patterns for these environments. As sug-
gested in [22], interactive environments can introduce noisy
or conflicting information across steps. A moderately larger
model (8B vs. 4B) may not be large enough to effectively

filter this noise and could even be more susceptible to it,
leading to suboptimal decision-making.

5 CONCLUSION
In this work, we addressed the inefficient use of trajectory data in
agent policy optimization by introducing Token-level Advantage
Policy Optimization (TAPO). Our method effectively learns from
unpaired success and failure trajectories by propagating trajectory-
level advantages to individual tokens, a process complemented by
an entropy-guided mechanism that focuses updates on the most
informative tokens. This approach circumvents the limitations of
prior methods that either discard data or require rigid pairing. Our
extensive experiments on WebShop, ScienceWorld, and ALFWorld
validated TAPO’s effectiveness, demonstrating substantial perfor-
mance improvements across multiple models and achieving a state-
of-the-art average score of 89.4. TAPO thereby establishes that a
flexible, token-level credit assignment strategy—addressing how
to assign advantages and select tokens for training—is a highly
effective and sample-efficient path toward building more capable
agents.
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