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Abstract

Multi-turn interaction remains challenging for
online reinforcement learning. Current GRPO-
based methods—either at the trajectory level
or the step level—still suffer from fundamental
challenges in multi-turn settings: they allocate
sampling uniformly across tasks regardless of
difficulty, propagate misleading learning sig-
nals that penalize correct intermediate actions
in failed trajectories, and incur high sample-
collection costs under long-horizon environ-
ments. Step-level variants (e.g., GIGPO) mit-
igate some interaction-cost constraints by de-
composing trajectories, yet they retain GRPO’s
sampling imbalance and still struggle with het-
erogeneous multi-turn tasks. To address these
issues, we propose STEP (Success-rate-aware
Trajectory-Efficient Policy Optimization), a
framework that dynamically allocates sampling
based on per-task success rates and performs
fine-grained step-level optimization. STEP
maintains a smoothed success-rate record to
guide adaptive trajectory resampling, allocat-
ing more effort to harder tasks. It then com-
putes success-rate-weighted advantages and de-
composes trajectories into step-level samples,
followed by a step-level GRPO augmentation
that strengthens updates on low-success tasks.
Experiments on OSWorld and AndroidWorld
show that STEP substantially improves sam-
ple efficiency and training stability over both
trajectory-level and existing step-level GRPO
variants, converging faster and generalizing bet-
ter under the same sampling budget.

1 Introduction

Large language models (LLMs) have been increas-
ingly adopted as agents for multi-turn decision-
making, where they must reason, plan, and
act over extended interactions with delayed and
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Figure 1: Number of tasks in the OSWorld training
subset (128 tasks) that achieve a success rate above 60%
during training across different methods. We report
results for trajectory-level GRPO (T-GRPO), GIGPO,
our proposed method (STEP) and three ablation variants
of STEP. Further details are provided in Section 6.2.

sparse rewards. Such applications include pro-
gram synthesis (Zhang et al., 2024), interactive
gameplay (Narasimhan et al., 2015), robotic con-
trol (Brohan et al., 2023) and GUI automation (Qin
et al., 2025; Ye et al., 2025; Huang et al., 2025; Liu
et al., 2026). To improve these agents’ adaptabil-
ity, reinforcement learning (RL) has become a key
paradigm for online policy optimization through
feedback-driven interaction.

Among RL-based methods, Group Relative Pol-
icy Optimization (GRPO) (Shao et al., 2024) has
been widely adopted for its efficiency and scalabil-
ity. In multi-turn settings, GRPO is typically ap-
plied either at the trajectory level—treating the full
sequence of decisions and feedback in an episode
as a single training sample—or in more recent step-
level variants that decompose trajectories to enable
training under longer interaction horizons under de-
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vice constraints. Despite their differences, both for-
mulations share the same underlying optimization
mechanism and thus inherit several fundamental
challenges in multi-turn reinforcement learning:

(1) Uniform sampling across tasks. GRPO al-
locates equal sampling effort to all tasks, regardless
of their difficulty or success rate. In multi-turn set-
tings, where task complexity varies widely, this
uniform allocation leads to inefficient use of the
sampling budget: the agent repeatedly trains on
simple, already-solved tasks while complex, low-
success tasks—those that provide the most informa-
tive learning signals—receive insufficient attention.

(2) Inaccurate credit assignment. Multi-turn
tasks typically provide only a final outcome reward
after the entire trajectory is completed, and this
terminal feedback must be propagated back to all
intermediate steps. As a result, correct steps within
an otherwise failed episode are penalized, leading
to inaccurate gradients or reward signals.

(3) Inefficient sample collection. Compared
with single-turn scenarios, multi-turn tasks require
continuous interaction with the environment. Each
rollout depends heavily on environment latency,
and multiple runs are needed to collect one trajec-
tory, making sample collection highly inefficient.

To address these challenges, we propose
STEP(Success-rate-aware Trajectory-Efficient Pol-
icy optimization), a framework that dynamically
allocates sampling and learning effort based on
per-task success rates and performs fine-grained,
step-level optimization. STEP maintains smoothed
success-rate records to guide adaptive trajectory
resampling, decomposes only the successful tra-
jectories into step-level samples for success-rate-
weighted credit assignment, and applies step-level
GRPO augmentation for low-success tasks. This
design enables both efficient use of sampling bud-
gets and stable, high-quality learning, leading to
faster convergence and better generalization in
multi-turn RL scenarios.

We evaluate our approach on two general-
purpose GUI benchmarks, OSWorld and Android-
World, which feature complex, multi-turn interac-
tion environments suitable for comprehensive as-
sessment. As depicted in Figure 1, our STEP con-
sistently outperforms existing methods, achieving
higher efficiency and effectiveness than trajectory-
level GRPO and GIGPO.

To sum up, we make three major contributions:

(1) We systematically analyze the challenges
in multi-turn reinforcement learning and provide

several key insights.

(2) Based on these insights, we propose STEP, a
step-level training framework specifically designed
for multi-turn reinforcement learning.

(3) Through extensive experiments, we demon-
strate the effectiveness of STEP, achieving improve-
ments both in training efficiency and performance.

2 Related Work

LLM Agents for Multi-Turn Interaction Re-
cent advances in Large Language Models
(LLMs) (Yao et al., 2022; Brohan et al., 2023) have
expanded their role from static language under-
standing to interactive agents that perceive, rea-
son, and act in dynamic environments. Research
has increasingly explored these agents across di-
verse domains, including embodied navigation in
simulated homes (Shridhar et al., 2020; Li et al.,
2024), multi-step web and mobile task execution
leveraging structured pages and APIs (Hong et al.,
2023; Gur et al., 2023; Furuta et al., 2023; Gou
et al., 2024), and adaptive decision-making in in-
teractive games (Narasimhan et al., 2015; Wang
et al., 2024). A common goal across these studies
is to enable LLMs to maintain coherent percep-
tion-reasoning—action loops over multiple turns,
which requires robust contextual understanding and
long-horizon planning. Some approaches (Schick
et al., 2023; Wang et al., 2023; Zhang et al., 2023;
Liu et al., 2025a) address this by constructing mod-
ular workflows that combine multiple components
to perform complex tasks, showing potential for im-
proved performance. More recently, methods have
increasingly focused on training LLMs directly
on interaction data using supervised fine-tuning
(SFT) (Zhang and Zhang, 2023), or reinforcement
learning (RL) (Sutton and Barto, 1998), allowing
models to acquire task-relevant patterns from envi-
ronmental interactions.

Reinforcement Learning for Large Language
Models An early and influential application of
reinforcement learning (RL) in large language mod-
els (LLMs) is RLHF (Stiennon et al., 2020; Ouyang
et al., 2022), which aligns model outputs with hu-
man preferences. More recently, RL has been in-
creasingly employed to enhance reasoning and log-
ical deduction in LLMs, using methods such as
PPO (Schulman et al., 2017), DPO (Rafailov et al.,
2023), and GRPO (Shao et al., 2024). In particu-
lar, group-based RL algorithms such as GRPO, Dr.
GRPO (Liu et al., 2025b), and DAPO (Yu et al.,
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2025) have shown promise due to their low compu-
tational cost and efficient updates. By leveraging a
group of samples from the same query, these meth-
ods estimate advantages without introducing an ad-
ditional value function. They have achieved strong
performance in tasks such as mathematical reason-
ing, search, and tool use, though these tasks are
predominantly single-turn. Recent studies (Wang
et al., 2025; Lu et al., 2025) have extended these
approaches to multi-turn interactions by treating en-
tire trajectories as sequences of independent steps.
Some methods, such as GIGPO (Feng et al., 2025)
and MobileAgentv3 (Ye et al., 2025), further de-
compose trajectories into steps to mitigate device
constraints, enabling long-horizon training. How-
ever, these approaches still overlook the fundamen-
tal challenges inherent to multi-turn settings.

3 Preliminaries

Multi-Turn Tasks Formally, given a task ¢ and
an initial environment state, the LLM agent inter-
acts with the environment over multiple steps to
accomplish the task. At each step ¢, the agent
observes a state S; = (Q, Hy, I;), where Q) de-
notes the task description, H; the interaction his-
tory, and I; the current environment observation
(e.g., a screenshot). Based on S, the agent gen-
erates a textual response using an LLM policy g,
from which an action A; is extracted and executed
in the environment, yielding an immediate reward
R;. This process continues until the episode ter-
minates or the step limit is reached, producing a
trajectory:

T ={8,R],....,SR;,...,Sr,Rr},

where each state-action pair S; := (S, A¢) corre-
sponds to step t. Here, * indicates that intermediate
rewards R} may be unavailable in some scenarios,
and R denotes the final trajectory reward R. The
training objective then is to update the LLM policy
g to maximize the expected reward across tasks.

Group-based RL.  For a given task in multi-turn
scenarios, GRPO samples a group of NV trajecto-
ries Gr = {71, ..., Tn} under the old policy my,,,
with each trajectory 7 associated with a final re-
ward R. The trajectory advantages are then com-
puted based on the reward statistics of the sampled

group:
R(T;) — mean(R(T;) | T; € G7)
std(R(7;) | 7 € G7) '

Adv(T;) =
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Figure 2: Proportion of high-success task trajectories
over training under different sampling strategies.

By leveraging this group-based estimation, GRPO
is highly memory-efficient, making it a practical
and scalable choice for large-scale RL training.

4 Multi-Turn Challenges in GRPO

While effective for single-turn tasks, GRPO may
encounter several challenges in complex multi-turn
reasoning, including: (1) Uniform sampling across
tasks, (2) Misaligned learning signals, and (3) In-
efficient sample collection. In the following, we
discuss each of these challenges in detail.

Uniform Sampling Across Tasks Multi-turn
tasks are typically harder and require more training
epochs, making efficient sampling crucial. How-
ever, GRPO allocates the same number of sampled
trajectories to each task, regardless of difficulty
or success rate. As a result, many successful tra-
jectories come from simple, already-solved tasks,
while harder tasks—those offering more informa-
tive signals—receive limited attention. To quantify
this imbalance, we measure the proportion of high-
success trajectories (success rate > 80%) among
all successful sampled trajectories and the result
is shown in the Figure 2. We observe that this
ratio with the uniform sampling strategy (U-Traj)
remains consistently high throughout training, even
in the early stages—averaging around 60%. Yet, as
shown in Figure 1, only a small number of tasks are
high-success at that stage. Consequently, GRPO
exposes the agent primarily to tasks it has already
mastered, limiting early learning signals, encourag-
ing local optima, and reducing generalization.

Misaligned Learning Signals In multi-turn RL,
rewards are often given only at the trajectory level,
where a single incorrect action can invalidate an
otherwise correct sequence. We hypothesize that
such coarse feedback overlooks important inter-
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Figure 3: Analysis of sample collection efficiency. Top:
wall-clock time per turn comparing environment interac-
tion and model inference. Bottom: sampling efficiency
comparing trajectory-level and single-step inference.

mediate signals. To examine this, we sampled
100 failed trajectories from OSWorld and manually
compared them with successful ones. Remarkably,
78% of failed trajectories contained sub-sequences
identical to those in successful trajectories, and
38.56% of individual steps were valid. Represen-
tative examples from OSWorld and AndroidWorld
(Appendix A) show that correct reasoning steps are
frequently penalized due to an incorrect final out-
come. This indicates that trajectory-level rewards
insufficiently capture partial correctness and limit
effective credit assignment.

Inefficient Sample Collection Another critical
challenge is the inefficiency of trajectory-level sam-
pling. Multi-turn RL requires full trajectories
for every training update, each involving multi-
ple model calls and environment interactions. To
quantify this, we measured the wall-clock time for
a batch rollout of 256 trajectories and report the
time per turn (top of Figure 3). The results indicate
that most of the time is spent on environment inter-
actions, while model inference accounts for only
a small fraction. We further compare trajectory-
level and single-step sampling. To ensure fairness,
we re-infer all turns from the trajectory rollouts
(3,856 turns, average length 15) in parallel. As
shown in Figure 3 (bottom), collecting full trajec-
tories is about 8.5x slower than parallel single-step
sampling. The bottleneck primarily stems from
expensive environment calls and the inherently se-
quential nature of generating full trajectories.

From these observations, we draw three insights:

(1) Uniform sampling wastes budget on already-
solved tasks, hindering the learning of other valu-
able tasks. Sampling budgets should be dynami-
cally adjusted based on per-task success rates.

(2) Failed trajectories produce a large amount of
misleading learning signals; focusing on successful

trajectories can more effectively guide the model
toward correct behaviors.

(3) Increasing the number of samples through
parallelization—without incurring additional en-
vironment interaction costs—can substantially en-
hance overall sampling efficiency.

5 Method

Building upon the insights above, we introduce
our STEP (Success-rate-aware Trajectory-Efficient
Policy optimization). As shown in the Figure 4,
STEP adaptively adjusts both trajectory sampling
and policy learning based on per-task success rates
through three core components: (a) Success-rate
guided trajectory sampling (SR-Traj), (b) Success-
rate weighted advantage (SR-Adv), and (c) Step-
level GRPO augmentation (SL-GRPO).

5.1 Success-Rate Guided Trajectory Sampling

We propose a success-rate guided trajectory sam-
pling strategy that dynamically reallocates sam-
pling resources based on per-task success rates.

To track success rates, we maintain two key
structures:

* Global success-rate record 3, which stores
the estimated success rate §; for each task Q);.

* Task cache C(, containing tasks with inter-
mediate success rates (0 < §; < sp), where
S0 is a predefined threshold.

Based on these structures, the sampling procedure
is organized into two main parts: (i) Sampling Bud-
get Reallocation and (ii) Tracking Update.

Sampling Budget Reallocation In each trajec-
tory collection round, every task (); is expanded
into N copies (following GRPO). For each copy’,
a replacement function decides whether to substi-
tute the original task with one sampled from C.
The replacement probability is defined by a logistic
function:
1

~ 1+exp(— k(% —s0))
where k controls the sharpness of the transition

around sg. So the final Q” for the j-th copy of
task (Q; is then

prep(gi)

)

rep, ; ~ Bernoulli (prep(éi))‘)
Q‘ o Qka ifrepl-,j == 17 Qk € CQ’
b Q;, otherwise.

'To preserve diversity and avoid forgetting, one copy is
kept; replacement is applied to the remaining N-1 copies.
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Figure 4: The framework of our STEP, which consists of three core components: (a) Success-rate guided trajectory
sampling (SR-Traj, §5.1), which allocates the sampling budget based on dynamically updated success rates;
(b) Success-rate weighted advantage (SR-Adv, §5.2), where we design a specific advantage function for STEP;
and (c) Step-level GRPO augmentation (SL-GRPO, §5.3), which performs data augmentation without additional

environment interaction costs.

After performing this sampling reallocation, we
proceed to collect the trajectories. Intuitively, tasks
with higher success rates are more likely to be re-
placed, thereby focusing sampling on tasks with
lower success rates, which are expected to provide
more informative signals.

Tracking Update In the end of each collection
round, the success-rate record and cache are up-
dated using a smoothed rule to stabilize estimates
across varying sample sizes. Let V] and U, denote
the number of collected and successful trajectories
for task ¢ in the current round 7. The update is

_Ur+aUf™" U +as]'N

aT

T N7 ftaN T N +aN
1- 30 i NT < N,

o =
0, otherwise,

CCSZ{Q]'|O<§;<50}.

Here, we use an adaptive discount factor « that
scales the influence of past estimates based on
the number of collected trajectories. This helps
maintain smooth and stable updates across rounds,
avoiding overly aggressive changes when data are
scarce. The updated 5 and Cg are carried over to
the next round for continued tracking and sampling.

5.2 Success-Rate-Weighted Advantage

After trajectory collection, we compute advantages
for policy optimization. To reduce the influence
of noisy or misleading signals from failed trajec-
tories, we use only successful trajectories. We
propose a success-rate-weighted advantage estima-
tor that incorporates trajectory-level information
and decomposes trajectories into individual steps
to provide fine-grained learning signals.

Success-Rate-Weighted Trajectory Advantage
Due to the adaptive sampling strategy introduced
above, different tasks yield unequal numbers of
trajectories, which makes standard group-based ad-
vantage normalization unreliable. Noting that the
mean reward of a task group can serve as a proxy
for its success rate, we introduce a success-rate-
weighted advantage, which combines each trajec-
tory’s reward with the current task success rate.
For each successful trajectory 7; ; of task @;, the
advantage is defined as
Adv('ﬁ,j) =(1-8)- RTi,j’ RTi,j >0,

where §; denotes the smoothed success rate of task
i, and R, ; is the corresponding trajectory reward.
This formulation assigns stronger learning signals
to tasks with lower success rates, thereby encourag-
ing the model to prioritize underperforming tasks.
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Step-level Decomposition Each trajectory is
then decomposed into step-level samples, with the
same advantage assigned to all steps:

Adv(S7y) = Adv(T), Vtel[l,T],
where S7; represents the sample at step ¢ of the
trajectory, and 7' is the trajectory length. Since
training is performed on step-level samples, this
decomposition also allows flexible organization of
the history H; within each S7; (see Section 3)
using ¢, past responses and tj past observations.

5.3 Step-level GRPO Augmentation

To further improve learning efficiency and stability,
we enrich the training set with valuable samples
without extra environment interactions and min-
imal computational cost. Specifically, we selec-
tively perform data augmentation on step samples
from tasks with low success rates (5; <= Sjow),
which typically correspond to steps with higher
trajectory advantages.

For step samples selected from low-success tra-
jectories, each is represented as

S = (S, A, Adv(S)),

where S denotes the state, A the action, and
Adv(S) the success-rate—weighted advantage.

To augment these samples, we expand each S
into a set of step-level variants by prompting the
model with the same state S to generate n =
N/2 — 1 alternative actions, where N is the group
number we used in trajectory sampling; this set-
ting balances diversity and efficiency without intro-
ducing additional hyperparameters. This yields a
group of candidate step samples:

Gs={Sk=(S,Ax) | k=0,...,n, Ag = A}.

The original step S is thus replaced by its aug-
mented group Gs, which represents localized per-
turbations around the original decision.

For each S;, € Gs, we define a step reward based
on whether its action A; matches the reference ac-
tion Ajy. Each augmented group is then evaluated
to assign relative advantages among its members:

1, if A matches Ay,
0, otherwise,

R(Sk) = {

R(S;) — mean(R(S;) | S; € Gs)
std(R(S)) | S; € Gs) '

Advaue (Si) =

Finally, the step-level advantage used for policy
optimization combines the trajectory-level credit
and the local augmentation signal:

AdVﬁnal(Sk) = AdV(S) . AdVaug(Sk).

This step-level formulation encourages the pol-
icy to refine local action boundaries around high-
value steps while maintaining consistency with the
trajectory-level objective.

6 Experiments

6.1 Experiments Setups

Benchmarks. We selected two widely recog-
nized benchmarks in the graphical user interface
(GUI) domain—OSWorld (Xie et al., 2024) and
AndroidWorld (Rawles et al., 2024). These bench-
marks were chosen because they represent classi-
cal and challenging multi-turn interaction tasks in
GUI-based environments, making them suitable for
evaluating the robustness and generalization ability
of our method. OSWorld provides a real-computer
environment containing 369 tasks across diverse
domains such as office productivity, web brows-
ing, system management, and multi-application
workflows. Following ARPO (Lu et al., 2025), we
sample 128 tasks from the OSWorld benchmark as
our training set. AndroidWorld offers a fully func-
tional Android environment with reward signals
for 116 programmatic tasks across 20 real-world
Android applications. We select a subset of 43
tasks from these applications as the training set.
Both benchmarks use rule-based rewards evaluated
only after completing a trajectory, assigning 1.0 to
successful executions and 0.0 otherwise.

Baselines We adopt Ul-Tars-DPO-7B (Qin et al.,
2025) and GUI-OWL-7B (Ye et al., 2025) as our
base models, and use two baselines: (1) trajectory-
level GRPO (T-GRPO) (Shao et al., 2024), which
treats each full trajectory as a single sample, and
(2) GIGPO (Feng et al., 2025), which computes
trajectory-level advantage and then decomposes the
trajectory into step-level samples. Methods such
as DAPO (Yu et al., 2025) or other replay-based
approaches (e.g., ARPO) are excluded, as they can
be integrated with our approach.

Training Details All RL training methods use
identical hyperparameters. The training batch size
is 16, with a rollout number N = 16, and a PPO
train size of 256. The temperature is 0.7 dur-
ing training and O during evaluation. The spe-
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Method OSWorld (Train Set) OSWorld  AndroidWorld (Train Set) AndroidWorld
UI-Tars-DPO-7B 414 16.8 29.8 29.7

+ T-GRPO 48.4 (+7.0) 18.9 (+2.1) 33.3 (+3.5) 31.0 (+1.3)
+ GIGPO 55.5 (+14.1) 21.1 (+4.3) 39.2 (+9.4) 34.0 (+4.3)
+ STEP (Ours) 62.5 (+21.1) 23.8 (+7.0) 47.6 (+17.8) 45.7 (+16.0)

Table 1: Results on OSWorld and AndroidWorld based on UI-Tars-DPO-7B. The leading results are highlighted
with bold fonts. Our STEP demonstrates superior performance in both benchmarks.

Method OSWorld (Train Set)  OSWorld Method OSWorld (Train Set)y OSWorld

GUI-OWL-7B 63.3 29.5 STEP (Ours) 62.5 23.8

+ GIGPO 64.7 (+1.4) 29.0 (-0.5) w/o SR-Sampling 57.0 (-5.5) 217 (-1.1)

+ STEP (Ours) 71.9 (+8.6) 34.2 (+4.7) w/o Step-Aug 60.1 (-2.4) 23.0(-0.8)
w/o Both 56.2 (-6.3) 21.4 (-1.4)

Table 2: Results on OSWorld based on GUI-OWL-7B.

cific hyperparameters of our method are: threshold
so = 0.6, low threshold sjow = 0.2, and x = 10.
Full training settings and hyperparameters are pro-
vided in Appendix B.

6.2 Results

The overall performance on OSWorld and Android-
World is summarized in Table 1 and Table 2, while
the ablation results for STEP’s core components are
shown in Table 3. Additionally, Figure 1 illustrates
the evolution of task categories with success rates
above 60% across training epochs, offering further
insights into the learning dynamics.

6.2.1 Main Results

As shown in Tables 1 and 2, STEP achieves the
best overall performance across all evaluated set-
tings, indicating consistent improvements over ex-
isting GRPO-based baselines. On OSWorld, STEP
yields clear gains on the Train Set, which trans-
late into stronger overall results. For example,
when built on Ul-Tars-DPO-7B, it attains 62.5
on the Train Set and 23.8 overall, and further im-
proves to 71.9 and 34.2 with a stronger backbone,
outperforming GIGPO in both settings. Similar
trends are observed on AndroidWorld, where STEP
achieves an overall score of 45.7, surpassing T-
GRPO and GIGPO by 14.7 and 11.7 points, respec-
tively, demonstrating robust performance across
environments.

Figure 1 shows that methods leveraging step-
level samples, including GIGPO and STEP, con-
verge faster and reach higher performance than T-
GRPO. One possible explanation is that step-level

Table 3: Ablation study based on UI-Tars-DPO-7B.

training decomposes long trajectories into shorter
contexts, increasing exposure to state-similar sam-
ples and facilitating more efficient learning. Com-
pared with GIGPO, STEP consistently achieves
further improvements, suggesting a more effective
use of step-level supervision.

We also observe differences in how improve-
ments on the Train Set transfer to overall evalua-
tion. On OSWorld, gains on the Train Set lead to
relatively modest overall improvements, whereas
on AndroidWorld, the transfer is more consistent.
We attribute this difference to dataset construction:
OSWorld training tasks are pre-sampled to favor
reward-yielding trajectories (Lu et al., 2025), which
introduces a larger distribution gap from the full
evaluation set, while AndroidWorld adopts ran-
dom sampling across apps, allowing overall per-
formance to more closely reflect training gains.

6.2.2 Ablation Study

We conduct ablation experiments to assess the con-
tribution of each core component in STEP. Three
variants are evaluated: (1) w/o SR-Sampling, which
removes success-rate sampling; (2) w/o Step-Aug,
which removes step augmentation; (3) w/o Both,
which disables both components, leaving only our
advantage estimation applied to GIGPO.

As shown in Table 3, removing either SR-
Sampling or Step-Aug results in a clear perfor-
mance drop, demonstrating that both components
are essential to the effectiveness of STEP. Specif-
ically, excluding SR-Sampling causes a 5.5-point
decrease on the Train Set, suggesting that adaptive
sampling plays a key role in stabilizing training and
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Figure 5: Effect of misleading learning signals on Ul-
Tars-DPO-7B(UI) and GUI-OWL-7B(Owl).

improving sample quality. Meanwhile, as shown
in Figure 1, removing Step-Aug slows down the
growth in task diversity, indicating that augmenting
intermediate steps provides additional supervision
signals that enhance learning efficiency. The vari-
ant without both components (21.4 on OSWorld)
performs slightly better than GIGPO (21.1). This
result suggests that our advantage estimation is
reasonable and that training solely on successful
trajectories indeed provides measurable benefits.

7 Discussion

7.1 SR-Traj Mitigates Over-Sampling

Uniform task sampling (U-Traj, used in T-GRPO
and GIGPO) tends to over-train on high-success
tasks. In contrast, our method, Success-Rate
Guided Trajectory Sampling (SR-Traj), addresses
this imbalance by adjusting the sampling budget
based on the dynamic task success rates. To eval-
uate this effect, we track the proportion of trajec-
tories from high-success tasks (s; > 80% ) during
training, computing the average proportion every
four training steps. Figure 2 visualizes these trends,
providing a direct comparison of how U-Traj and
SR-Traj handle mastered tasks over time.

Results As shown in Figure 2, SR-Traj substan-
tially reduces the proportion of high-success tra-
jectories early in training (below 20%), providing
more opportunities to explore less-mastered tasks
and generating a richer set of informative samples.
As training progresses, this proportion increases,
reflecting the overall improvement in task success
rates. This dynamic pattern indicates that, given
the same sampling budget, SR-Traj effectively mit-
igates premature overfitting to easier tasks, support-
ing more efficient learning and robust generaliza-
tion in later stages.

7.2 Effect of Misleading Learning Signals

To investigate the impact of misleading learning
signals, we conduct GiGPO experiments on Ul-

70

6 /‘/ﬁ—-———‘
50 //
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T3 F 5 6 7
Training epochs

Figure 6: Number of tasks in OSWorld training sub-
set (128 tasks) with a success rate above 60% during
training across different s;,,, based on our STEP.

Tars-DPO-7B (UI) and GUI-OWL-7B (Owl) under
three training conditions: Base (original perfor-
mance), w/ Fail (including failure trajectories), and
w/o Fail (excluding failure trajectories). Perfor-
mance was evaluated on both the training subset
(Set) and the full dataset (All) of OSWorld. Results
are shown in Figure 5.

Results As Figure 5 illustrates, excluding fail-
ure trajectories (w/o Fail) consistently yields the
highest performance across all groups, despite us-
ing fewer training samples. For UI-Tars-DPO-7B,
Base scores 41.4 on the subset, w/ Fail improves
this to 55.5, and w/o Fail further increases it to 57.0.
For GUI-OWL-7B, w/ Fail slightly improves subset
performance but can slightly reduce overall perfor-
mance, whereas w/o Fail consistently achieves the
best results.

These findings suggest that failure trajectories
may introduce misleading signals that hinder model
performance, underscoring the importance of care-
ful management of learning signals.

7.3 Effect of Success-Rate Threshold on Step
Augmentation

As mentioned previously, we applied step augmen-
tation to tasks with low success rates (s;,, = 0.2).
To further verify the effect of this design, we con-
ducted experiments by applying augmentation to
tasks under different success-rate thresholds (0.2,
0.6 and 1.0). We track the evolution of task cate-
gories with success rate above 60% across training
epochs according to the main experiments. The
results are present in Figure 6.

Results As illustrated in the figure, all settings
exhibit a rapid improvement in the early stages of
training, confirming that step augmentation serves
as an effective approach to accelerate model learn-
ing. However, the growth trends for higher thresh-
olds (both 0.6 and 1.0) slow down noticeably and
even decline in later stages, suggesting that ap-
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Method Time (min/step) Speedup
T-GRPO 45.67 1.0x
GIGPO 24.59 1.86x
Our STEP 26.25 1.74x

Table 4: Average training time per step for different
methods.

plying augmentation to a broader range of tasks
may suppress the learning signals from low-success
tasks, thereby slightly reducing the model’s gener-
alization ability.

7.4 Analysis about Training Effciency

We evaluate training efficiency by measuring the
average time per training step. The efficiency ex-
periments are conducted on OSWorld, where we
deploy a unified setup of 16 GPUs across two nodes.
The environments are simulated on a remote server
with 128 parallel instances.

Results Table 4 summarizes the results. Both
GIGPO and our STEP substantially speed up train-
ing, achieving 1.86x and 1.74x faster steps, re-
spectively, nearly halving the time compared to
T-GRPO. We attribute this improvement to the sub-
stantial shortening of context length in both meth-
ods, which reduces inference and training overhead.
Remarkably, our method retains high efficiency de-
spite the extra cost of step augmentation during
sampling. This is likely due to the avoidance of
environment interaction overhead and the efficient
parallel inference enabled by step rollout.

8 Conclusion

In this paper, we systematically analyze the chal-
lenges of multi-turn reinforcement learning, includ-
ing uniform task sampling, inaccurate credit as-
signment, and inefficient sample collection. To ad-
dress these issues, we propose STEP (Success-rate-
aware Trajectory-Efficient Policy Optimization),
which maintains smoothed per-task success rates to
guide adaptive trajectory resampling, decomposes
trajectories into step-level samples with success-
rate-weighted advantages, and applies step-level
GRPO augmentation to improve learning on low-
success tasks. Extensive experiments demonstrate
that STEP substantially outperforms trajectory-
level GRPO in both efficiency and effectiveness.
As agents face increasingly complex environments,
reinforcement learning methods must evolve ac-
cordingly. For multi-turn scenarios, we envision

STEP as a step-level framework that can serve as
a foundation and reference point, offering insights
for future research in efficient and adaptive multi-
turn RL.

Limitations

Our method improves efficiency and performance
compared to GRPO by filtering out failed trajecto-
ries and distributing trajectory rewards across all
steps of successful ones. However, since failed
trajectories are entirely discarded, potentially valu-
able sub-trajectories within them remain unused,
leading to a waste of sampling resources. More-
over, even successful trajectories may contain sub-
optimal or ineffective actions. These observations
indicate that the current reward assignment in multi-
turn scenarios remains coarse-grained. Future work
could explore more fine-grained, step-level reward
mechanisms that selectively leverage informative
segments from both successful and partially suc-
cessful trajectories to further enhance learning sta-
bility and accuracy.
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A Misaligned Learning Signals in
OSWorld and Android World.

We present cases of misaligned learning signals
in both OSWorld and AndroidWorld. As shown
in Figure 7 and Figure 8, successful and failed
trajectories for the same task often share similar
intermediate reasoning steps, but diverge at a criti-
cal decision point where the failed trajectory takes
an incorrect action. This example illustrates that
failure trajectories, although their final outcome
is negative, often contain many valid intermediate
steps. Penalizing the entire trajectory can lead to
incorrect learning for these correct steps.

B Setting

We apply dynamic batch updates in our method
and GIGPO, as both decompose trajectories into
step-level sample, resulting in a variable number
of step samples. For each step sample in GIGPO
and STEP, the number of history responses ¢, and
screenshots t; in H, are 3 and 0, respectively. Other
detail settings are provided in Table 5 and Table 6.

Hyperparameters All methods
Train batch size 16
PPO batch size 256
Training epoches 8
Rollout numbers 16
Image tokens 1350
Temperature 0.7
Learning rate le-6

K1 coefficient 0.001
GPU numbers 16

Table 5: Model configurations for all methods.

Hyperparameters T-GRPO GIGPO&STEP
Max turns (OSWorld) 20 30

Max turns (AndroidWorld) 20 25
Prompt length(UT) 3076 4096
Response length(UI) 29692 (256 per turn) 256
Prompt length(OWL) - 6144
Response length(OWL) 1024

Table 6: Model configurations across methods. “UI”
refers to UI-Tars-DPO-7B, and “OWL” refers to GUI-
OWL-7B.
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Figure 7: Comparison of success and failure trajectories in OSWorld for the task “Show side effects of Tamiflu.”
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