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Abstract

Online reinforcement learning (RL) serves as
an effective method for enhancing Android
agents. However, guiding agents to learn
through online interaction is prohibitively ex-
pensive due to the high latency of emulators
and the sample inefficiency of existing RL al-
gorithms. We identify a fundamental limita-
tion in current approaches: the Single State
Single Action paradigm, which updates the
policy with one-to-one state-action pairs from
online one-way rollouts, without fully explor-
ing each costly emulator state. In this paper,
we propose ANDROID COACH, a novel frame-
work that shifts the training paradigm to Single
State Multiple Actions, allowing the agent to
sample and utilize multiple actions for a sin-
gle online state. We enable this without addi-
tional emulator overhead by online learning a
critic that estimates action values. To ensure
the critic serves as a reliable coach, we inte-
grate a process reward model and introduce a
group-wise advantage estimator based on the
averaged critic outputs. Extensive experiments
demonstrate the effectiveness and efficiency
of ANDROID COACH: it achieves 7.5% and
8.3% success rate improvements on Android-
Lab and AndroidWorld over UI-TARS-1.5-7B,
and attains 1.4× higher training efficiency than
Single State Single Action methods PPO and
GRPO at matched success rates.

1 Introduction

Graphical User Interface (GUI) agent is an appli-
cation of Vision-Language models (VLMs) in in-
teractive scenarios (Zhang et al., 2025a; Zhang and
Zhang, 2024; Yang et al., 2025). When human
users provide an instruction, the agent leverages
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https://github.com/gguogan/Android_Coach.
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Figure 1: (Top): Online rollout time distribution based
on the measured time on 8 parallel environments in
training for 80 steps. (Bottom I): The conventional
online rollout and critic training loop. The primary
bottleneck is the high-latency environmental interaction,
while the GUI agent action inference is relatively fast.
(Bottom II): Standard agent update with Single State
Single Action paradigm. Agent updates rely merely on
the state-action pairs collected from the online rollout.
(Bottom III): ANDROID COACH update with Single
State Multiple Actions paradigm. We fully leverage each
expensive online state by generating multiple actions.
The agent is then updated using this data. This approach
improves training efficiency by gathering more training
samples within the same online interaction cost.

reasoning and function-calling capabilities to au-
tonomously conduct multi-turn interactions to com-
plete the task (Xu et al., 2026; Lian et al., 2025;
Xie et al., 2025; Chen et al., 2026). Reinforce-
ment learning (RL) is widely used in agent training,
which helps to enhance reasoning and decision-
making capability for complex sequential tasks (Lu
et al., 2025a). In this paper, we focus on optimizing
the reinforcement learning for GUI agent.

Reinforcement learning approaches for GUI
agent generally fall into two categories based on
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their interaction paradigm. Offline approaches
rely on pre-collected expert trajectories (Sun et al.,
2025; Wei et al., 2026). While they avoid frequent
environment interactions, the methods are bounded
by the data quality and struggle to handle rapid
application and GUI updates due to the lack of on-
line exploration (Bai et al., 2024; Lu et al., 2025c).
Online methods mitigate these limitations by col-
lecting data through environment interactions and
learning from active trial-and-error for better per-
formance (Bai et al., 2025a), but still exhibit other
shortcomings in training efficiency.

Online training typically suffers from poor sam-
ple efficiency (Lu et al., 2025d; Dong et al., 2025)
as shown in Figure 1. First, it requires high-latency
emulator interactions, including initialization, re-
covery and reaction, which is 1.7× greater than
the time for model loading and inference. Conse-
quently, the online RL states, which include screen-
shots and interaction history, are costly to collect.
Second, current online RL methods conduct one-to-
one state-action rollouts (Zhang et al., 2025b). This
means the agent can only sample once with a given
state, because the emulator would transition to the
next state after the execution. We term this the
Single State Single Action (SSSA) paradigm, like
PPO in UI-TARS (Wang et al., 2025) and GRPO in
ARPO (Lu et al., 2025a). This paradigm makes it
difficult to sufficiently explore the state, since the
agent cannot try other actions.

We propose ANDROID COACH, a novel actor-
critic framework that adopts Single State Multiple
Actions (SSMA) paradigm to address the problems
above: 1) To reduce interaction overhead, we use
a critic (i.e., state-action value function Q) to esti-
mate action value, which allows us to get values of
more sampled actions without the environment. 2)
To sufficiently explore the states, we randomly sam-
ple multiple actions given online states and value
them with Q, which means the agent can do more
exploration without additional emulator overhead.

Reliably evaluating the action value is essential
in our paradigm. Our Q is kept updated using
the actor online rollout data, which ensures the
robustness against the distribution shift typically
encountered in offline approaches (Zheng et al.,
2025). Meanwhile, we introduce a fine-grained,
pretrained process reward model into our frame-
work rather than merely trajectory-level outcome
supervision. This makes Q capable of crediting
correct steps within a failed trajectory, leading to
a better supervision of intermediate steps (Chen

et al., 2025a). Besides, tailored to SSMA paradigm,
we propose a novel advantage estimation method
Actor-Critic Leave-one-out(ACLOO), where the
baseline is the average Q-value with leave-one-out
strategy. Our design reduces estimation variance
without effort to train a state-value model, and intro-
duces the relative quality, guiding the agent based
on the average level (Konda and Tsitsiklis, 1999;
Bai et al., 2024). This is inspired by RLOO (Kool
et al., 2019), where the advantage is reward-based
while ours uses long-term value.

The overall framework of ANDROID COACH is
shown in Figure 2. This is an online actor-critic
method with Single State Multiple Actions to in-
crease the number of training samples, making full
use of the online rollout state within the same in-
teractions. The actor samples multiple actions and
constructs state-action pairs as training samples.
To do SSMA training with fewer interactions, AN-
DROID COACH does not execute these actions with
the emulator, but evaluates them with the critic,
where a leave-one-out advantage helps train the
actor. For critic training, ANDROID COACH ap-
plies the return of online rollout actions as ground
truth which is estimated by integrating the process
reward and outcome reward. We validate our ap-
proach on the AndroidLab (Xu et al., 2025b) and
AndroidWorld (Rawles et al., 2025) benchmarks,
achieving a 7.5% and 8.3% improvement over the
success rate of original UI-TARS (Qin et al., 2025),
while outperforming conventional Single State Sin-
gle Action methods in GUI agent RL including
PPO (Schulman et al., 2017) and GRPO (Shao
et al., 2024) with 1.4x training efficiency.

In summary, our contributions are as follows:

1. We propose ANDROID COACH, a meticu-
lously designed framework that first enables
Single State Multiple Actions paradigm for ef-
ficient online agentic reinforcement learning
to the best of our knowledge.

2. We propose an online-trained critic guided by
both outcome and process rewards, together
with our leave-one-out advantage estimator.
Without additional environment overhead, the
critic supports Single State Multiple Actions
paradigm with reliable action advantage.

3. Extensive experiments on dynamic bench-
marks demonstrate the training efficiency of
ANDROID COACH and the effectiveness of its
components in online reinforcement learning.
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Figure 2: Overview and pipeline for a training step in ANDROID COACH. 1. Online Rollout: Policy interacts with
parallel environments to collect complete trajectories. 2. Critic Update: Annotate state-action pairs with returns
to train the value model. 3. Multiple sample: Resample multiple actions for each online state. 4. Actor Update:
Compute action values and advantages with leave-one-out strategy, then update policy via gradient step.

2 Related Work

2.1 RL for Training GUI Agents
Existing RL methods for GUI agents generally
fall into offline and online categories as shown
in Table 1. Offline approaches (Sun et al., 2025;
Lu et al., 2025d; Luo et al., 2026) rely on exten-
sive expert or pre-collected datasets. Consequently,
such methods are limited by data quality and fail
to handle environment updates effectively (Intelli-
gence et al., 2025). In contrast, online training en-
ables continuous improvement through exploration
and trial-and-error in real environments (Shi et al.,
2025; Ye et al., 2025). Hybrid frameworks like Di-
giRL (Bai et al., 2024) integrate both phases, while
online methods like MobileRL (Xu et al., 2025a),
GUI-Shepherd (Chen et al., 2025a), and UI-TARS-
2 (Wang et al., 2025) adopt GRPO (Shao et al.,
2024) or PPO (Schulman et al., 2017) for online
optimization. However, interacting with Android
emulator is time-consuming. Although environ-
ment parallelization and replay buffers (Lu et al.,
2025a) partially alleviate this issue, current online
methods remain restricted to Single State Single
Action paradigm. These approaches generate only
one action per state, which fails to fully exploit the
expensive state and necessitates more interaction
steps for better performance. In this paper, we in-
troduce Single State Multiple Actions paradigm for

online RL which generates and evaluates multiple
actions for each state, significantly enhancing train-
ing efficiency under limited interaction budgets.

2.2 Advantage Estimation in RL Training

Advantage estimation is a critical component
for policy optimization in modern GUI agents.
Trajectory-level reward-based approaches (Xu
et al., 2025a; Lu et al., 2025a; Luo et al., 2025;
Wanyan et al., 2025; Zhang et al., 2026) use GRPO,
requiring full rollouts to obtain outcome rewards
and compute advantages from averaged returns.
Critic-based methods (Chen et al., 2025a; Wang
et al., 2025; Bai et al., 2024) can estimate action
values without full rollouts, but in online settings
the critic is typically trained only with outcome
rewards, as process rewards are hard to obtain dur-
ing interaction. In contrast, offline methods like
VEM (Zheng et al., 2025) utilize step-level super-
vision, but inherit the limitations of offline training.
In this paper, we design a critic that incorporates a
process reward mechanism for GUI tasks. Further-
more, actor-critic methods using Q-functions (Bai
et al., 2025a; Zhou et al., 2024) usually introduce
an additional state-value model to reduce variance
and stabilize training. To avoid this extra compo-
nent, we propose an average Q-value baseline with
leave-one-out strategy for advantage estimation.
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Training Mode Base Algorithm Method Advantage Estimation Exploration Paradigm Sample Efficiency

Offline SFT OS-Genesis (Sun et al., 2025) Reward-based Static Data N/A
Archer (Zhou et al., 2024) DigiQ (Bai et al., 2025a) Value-based Static Data N/A
Q-Learning (Watkins et al., 1989) VEM (Zheng et al., 2025) Value-based Static Data N/A
DPO (Rafailov et al., 2023) UI-TARS-1.5 (Qin et al., 2025) Pairwise-Preference Static Data N/A

Hybrid AWR (Peng et al., 2019) DigiRL (Bai et al., 2025a) Value-based SSSA Low

Online GRPO (Shao et al., 2024) MobileRL (Xu et al., 2025a)
WebAgent-R1 (Wei et al., 2025)
ARPO (Lu et al., 2025a)

Reward-based SSSA Low

PPO (Schulman et al., 2017) UI-TARS-2 (Wang et al., 2025)
GUI-Shepherd (Chen et al., 2025a)

Value-based SSSA Low

Online ACLOO ANDROID COACH (Ours) Value-based SSMA High

Table 1: Comparison of representative GUI agent training frameworks. ANDROID COACH is the first to achieve
efficient Single State Multiple Actions (SSMA) exploration in an online setting, significantly improve sample
efficiency with limited interaction costs compared to standard Single State Single Action (SSSA) approaches.
ACLOO refers to Actor-Critic Leave-One-Out we proposed in our method.

2.3 RL with Multiple Actions Estimation

Several established RL methods share the core prin-
ciple of evaluating multiple actions per state for
sample efficiency or training stability. Discrete
SAC (Christodoulou, 2019) computes the exact ex-
pected state value by iterating over all possible ac-
tions, yielding zero-variance gradient updates. Sim-
ilarly, Expected Policy Gradients (EPG) (Ciosek
and Whiteson, 2018) eliminates sampling variance
entirely via analytic integration for continuous dis-
tributions or exhaustive evaluation for discrete ones.
However, exact marginalization rather than prob-
abilistic sampling with variance reduction tricks
strictly limits these methods to small action spaces
(e.g., Atari). Consequently, they are computa-
tionally intractable for reasoning VLM-based GUI
agents with combinatorially massive action spaces.
GRPO (Shao et al., 2024) is a prevalent multiple-
rollout method. However, dynamic and irreversible
GUI environments prohibit parallel follow-up ex-
ecutions from the exact same state, causing step-
level GRPO to fail to acquire long-term value su-
pervision in the absence of value model, while
sequence-level GRPO is still limited to Single State
Single Action. Given these constraints of dynamic
GUI tasks, our method adopts Monte Carlo sam-
pling. To fulfill our core objective of improving
online training efficiency via Single State Mul-
tiple Actions paradigm without extra interaction
overhead, we introduce a learned value model to
estimate sample advantages with our group-wise
ACLOO baseline design.

3 Android Coach

In this section, we first present the preliminary
knowledge including problem formulation and
actor-critic framework (Section 3.1). Then we in-

troduce how to train a reliable critic (state-action
value function Q) for accurate action value estima-
tion with process reward model and online updates
(Section 3.2). Finally, we present how to leverage
the critic to improve sample efficiency with Single
State Multiple Actions paradigm and our proposed
Actor-Critic Leave-One-Out advantage estimation
method (Section 3.3).

3.1 Preliminary

Problem Formulation. We formulate the An-
droid agent task as a finite-horizon Markov Deci-
sion Process (MDP) defined by the tuple (S,A,R).
Given an instruction I , the process begins at state
s0 with the initial GUI screenshot. At each timestep
t, the state st ∈ S consists of the instruction I and
the interaction history. The policy πθ(·|st) param-
eterized by θ samples an at from action space A,
which is constructed by reasoning-based plan and
an operation from the GUI operation action space
in Appendix A. After execution, the environment
transitions to the next state st+1. This interaction
loop continues until task completion or a maximum
step limit is reached. The agent receives binary re-
wards rt ∈ {0, 1} ∼ R, including process reward
for step-wise correctness and outcome reward for
final success. The objective is to learn the optimal
parameters θ that maximize the expected cumula-
tive discounted return: J(πθ) = Eπθ

[∑T
t=0 γ

trt

]
,

where γ is the discount factor.

Actor-Critic Framework. In the online Actor-
Critic method with Q function, the policy is learned
concurrently with a state-action value function
Qϕ(st, at), parameterized by ϕ. The Critic learns
to estimate the expected cumulative reward after
taking action at in state st and following the policy
π thereafter. This learned Critic Qϕ then provides
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an evaluative signal in the form of an Advantage
A(st, at) to guide the update of Actor policy πθ.

3.2 Train a Reliable Coach
We build a reliable state-action value function Q by
1) training a process reward model and 2) online
training of the Q incorporating process reward.

Process Reward Model (PRM). We first design
a PRM to provide step-wise process rewards for
intermediate actions. Motivated by the effective-
ness of model reasoning (Wei et al., 2022; Guo
et al., 2025; Wanyan et al., 2025; Qu et al., 2026;
Chen et al., 2025b), we train PRM as a reason-
ing model that generates analysis prior to judg-
ment. As shown in Figure 3, we construct the
training dataset by aggregating trajectories from
offline datasets AndroidControl (Li et al., 2024)
and supplementary preliminary rollout data, retain-
ing only success and non-redundant trajectories.
For each step (I, st, at), the initial policy conducts
single-step generation to produce a reasoning con-
text alongside a predicted action. Each sample is
labeled positive if the generated action matches the
ground-truth one from the original success trajec-
tory, and negative otherwise. This process yields
20k data points, each structured as (I, st, at, label).
Then we inject the reason for the process reward
label with GPT-4o (OpenAI et al., 2024). More
details are provided in Appendix B. We initialize
PRM with our initial policy model and perform
full-parameter supervised fine-tuning (SFT) with
prompt in Figure 10 in Appendix. The PRM pa-
rameterized by β is updated to optimize the cross-
entropy (CE) loss which denoted as LPRM(β) in

Equation 1:

LPRM(β) = − logPβ(y|I, st, at) (1)

Online Critic Training. The critic Q-value func-
tion Qϕ shares the same architecture as the policy
model, augmented with a value head (von Werra
et al., 2020), serving as a coach. We start the RL
loop as shown in first two stages of Figure 2, in
which the policy model interacts with multiple par-
allel environments at first to collect a batch of tra-
jectories, D. Upon completion of the batch rollout,
the pre-trained PRM assigns step-level process re-
wards rtp based on the intermediate actions, and the
outcome verifier (OV) assigns outcome reward (ro)
based on the final result. We estimate the target re-
turn Rt for each state-action pair using a weighted
Monte Carlo estimation that combines these re-
wards with weight parameters ωp, ωo and discount
factor γ: Rt = ωp

∑T
τ=t γ

T−τrτ :Tp + ωoro. The
critic Qϕ is subsequently updated by minimizing
the clipped mean squared error loss between its pre-
dictions Qϕ(st, at) and the estimated target returns
Rt as shown in Equation 2:

LQ(ϕ) =
1
2Et

[
max

(
(Qϕ −Rt)

2, (clip(Qϕ,Qold ± ϵv)−Rt)
2
)] (2)

However, directly training critic together with ac-
tor presents a significant challenge in providing
reliable value, which is also noted by DigiQ (Bai
et al., 2025a). We contend that this issue arises be-
cause the value model is poorly prepared for GUI
tasks value estimation at the beginning of train-
ing, resulting in misleading guidance for the policy
updates (Bai et al., 2025a; Wang et al., 2025). Con-
sequently, before online RL, we initialize the model
by pre-training it with the PRM dataset, where la-
bels are mapped to binary scores.

3.3 RL Guided by Coach
Here we introduce our key designs in actor training:
1) sampling multiple actions and 2) update actor
with the Actor-Critic Leave-One-Out advantage.

Multiple Actions from the Online State. As
shown in third stage of Figure 2, by employing the
Q function, we can naturally enhance sample effi-
ciency through the Single State Multiple Actions
paradigm without additional interactions. Specifi-
cally, we reuse every costly state st from the online
trajectories D, which is collected by the policy πθ
during the online rollout in one training step. We
sample a set of k candidate actions {a1t , ..., akt } for
every st using the current policy.
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Models #Params AndroidLab SR (%) AndroidWorld SR (%)

QD OP Average Easy Mid Hard Average

Proprietary Models
Gemini-Pro-1.5 (SoM) (Team et al., 2024) - - - 16.7 - - - 22.8
GPT-4o (SoM) (OpenAI et al., 2024) - - - 31.2 - - - 34.5
Claude-Sonnet-4 (SoM) (Anthropic, 2025) - - - 40.6 - - - 41.0
UI-Genie-Agent (Xiao et al., 2025) 72B - - 41.2 - - - -

Open-source 32B/72B Models
Qwen2.5VL-32B-Instruct (Bai et al., 2025b) 32B 28.4 ±2.1 25.8 ±1.1 28.5 ±0.4 37.2 ±1.9 14.8 ±3.2 10.5 ±5.3 25.9 ±0.9

UI-TARS-72B-DPO (Qin et al., 2025) 72B 36.4 ±2.8 31.5 ±1.6 35.5 ±2.2 57.4 ±1.6 27.8 ±5.6 10.5 ±0.0 40.5 ±0.9

Open-source 7B/8B Models
OS-Genesis-7B-AW (Sun et al., 2025) 7B 6.8 ±2.8 3.6 ±1.2 5.1 ±1.9 26.8 ±2.5 11.1 ±0.0 1.8 ±3.0 17.8 ±1.3

Qwen2.5-VL-7B-Instruct (Bai et al., 2025b) 7B 14.8 ±1.9 4.3 ±0.0 8.9 ±0.7 23.5 ±2.5 6.5 ±4.2 3.5 ±3.0 14.9 ±0.5

AgentCPM-GUI-8B (Zhang et al., 2025b) 8B 8.6 ±1.1 16.8 ±0.6 14.7 ±0.4 29.0 ±0.9 5.6 ±2.8 3.5 ±3.0 17.5 ±0.5

UI-TARS-1.5-7B Model (Qin et al., 2025)
Base Model 7B 34.0 ±2.8 27.6 ±1.2 31.9 ±0.7 43.7 ±4.1 25.9 ±1.6 10.5 ±0.0 32.8 ±2.3

w/ GRPO (Shao et al., 2024) 7B 36.4 ±1.1 30.5 ±2.7 34.8 ±1.4 51.9 ±4.1 28.7 ±3.2 12.3 ±3.0 38.2 ±2.2

w/ PPO (Schulman et al., 2017) 7B 38.9 ±3.7 29.4 ±0.6 35.0 ±1.1 50.8 ±1.6 26.9 ±1.6 14.0 ±3.0 37.4 ±1.8

w/ Android Coach 7B 42.6 ±1.9 33.7 ±0.6 39.4 ±0.8 56.3 ±2.5 27.8 ±2.8 17.5 ±3.0 41.1 ±1.8

Table 2: Success rates of proprietary and open-source models on AndroidWorld and AndroidLab for mobile GUI
interaction tasks. QD is the abbreviation for the query detect type, and OP is the abbreviation for the operation type.
Standard deviations are reported in gray subscripts for all models except proprietary ones.

Actor-Critic Leave-One-Out. As shown in the
last stage of Figure 2, to mitigate the high variance
associated with policy gradient updates with Qϕ,
it is standard practice to subtract a baseline when
estimating the advantage A(st, at). Conventional
Actor-Critic methods typically learn a separate
state-value function Vψ(st) to serve as this baseline,
i.e., A(st, at) = Qϕ(st, at) − Vψ(st). However,
within our SSMA framework where multiple ac-
tions are evaluated for each state, a more direct and
potentially more effective baseline is available. In-
spired by Reinforce Leave-One-Out (RLOO) (Ah-
madian et al., 2024; Kool et al., 2019), we propose
the Actor-Critic Leave-One-Out (ACLOO) advan-
tage estimation method. Specifically, given the
set of k actions {a1t , . . . , akt } sampled i.i.d. from
the current policy πθ(·|st), we define the ACLOO
advantage estimate for action ait as:

Âit = Qϕ(st, a
i
t)− 1

k−1

∑
j ̸=iQϕ(st, a

j
t ) (3)

This ACLOO advantage estimation offers two key
benefits within our framework: (1) It eliminates
the need for a separate value network while ef-
fectively reducing variance without bias (proven
in Appendix D); (2) This mechanism inherently
captures the relative quality among the candidate
actions at that state, steering the policy towards
learning actions that outperform the average. Then
the actions and advantages are used in performing
gradient updates on the actor policy πθ with PPO

clip surrogate loss:

Lpolicy(θ) = Et
[
min

( πθ(at|st)
πθold (at|st)

At, clip( πθ(at|st)
πθold (at|st)

, 1±ϵ)At
)] (4)

3.4 Putting it Together
A pseudocode of our algorithm is provided in Ap-
pendix C. Initially, the policy model performs on-
line rollouts in parallel emulators to collect a batch
of trajectories. The critic is updated using returns
provided by the Process Reward Model and Out-
come Verifier with Equation 2. Subsequently, we
update the actor by resampling multiple actions
for each online state, computing Q-values and ad-
vantages with the updated critic, and applying the
policy gradient with Equation 4.

4 Experiments

4.1 Experiment Setup
Environment and Benchmarks. We train the
agents in parallel Android emulators running An-
droid 13, where the agent interacts via uiautoma-
tor2. Following prior work (Xu et al., 2025a; Xiao
et al., 2025; Chen et al., 2025a), we evaluate on
the AndroidLab (Xu et al., 2025b) and Android-
World (Rawles et al., 2025) benchmarks. Android-
Lab contains 138 tasks covering both query detec-
tion and operation execution, while AndroidWorld
includes 116 tasks with easy/medium/hard diffi-
culties and randomized parameters for diverse sce-
narios. Task success rate (SR) is computed using
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sample number of ANDROID COACH are both 4. Data is collected on AndroidWorld over UI-TARS-1.5-7B.
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the built-in rule-based rubrics. Further details are
provided in Appendix B.

Dataset and RL Outcome Verifier. We con-
struct the training dataset by combining ran-
domized tasks from AndroidWorld with the self-
collected AndroidLab tasks to form a collection of
2k tasks. Training outcome reward assignment re-
lies on an Outcome Verifier that uses rule matching
for tasks with predefined rules in AndroidWorld
and an LLM Judge (GPT-4o) to analyze XML and
action trajectories for the others.

Baselines. We employ the UI-TARS-1.5-7B (Qin
et al., 2025) base model as our starting point. We
compare our approach against standard RL base-
lines for GUI agents including online GRPO and

PPO given same RL training time budget, as well
as great proprietary and open-source models. To
ensure fair comparison, we re-evaluate all open-
weight models. We report the mean and standard
deviation across three runs.

4.2 Main Results

ANDROID COACH significantly improves the
model’s performance, making baseline model
surpass existing powerful models and methods.
As presented in the Table 2, ANDROID COACH

yields substantial performance enhancements for
the UI-TARS-1.5-7B. Specifically, it raises the SR
on AndroidLab from 31.9% to 39.4% and An-
droidWorld from 32.8% to 41.1%. Remarkably,
our method enables the model to outperform pow-
erful proprietary models on AndroidWorld such
as Claude-Sonnet-4 with Set-of-Mark prompting
which achieves 41.0%. These results validate the
effectiveness of our RL strategy. While methods
like GRPO and PPO also demonstrate performance
gains, our approach achieves even stronger results
given an identical budget of online training time.

Single State Multiple Actions paradigm can in-
crease RL training efficiency compared to Single
State Single Action methods. As illustrated in
Figure 4a, ANDROID COACH conducts fewer envi-
ronment interactions under the same training time
due to more actions sampling and model updates
per online states. However, as shown in Figure 4b,
the total number of sampled actions in our approach
is substantially higher, which means significantly
more samples for policy updates under a fixed train-
ing budget. Consequently, our method outperforms
PPO by 5.2% given the same training time, and
achieves a comparable SR with 1.4× higher effi-
ciency than SSSA methods including GRPO and
PPO, as illustrated in Figure 4c. These results sug-
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Single State
N Actions

Training
Time

AndroidLab
SR(%)

AndroidWorld
SR(%)

number of N
1 1.00x 34.8 ±0.7 36.8 ±1.3
2 1.22x 35.5 ±1.2 38.5 ±2.2
4 1.62x 37.0 ±0.7 39.1 ±0.5
8 2.18x 37.0 ±0.0 39.4 ±2.0

Table 3: Analysis of action rollout times. We report
total training time and success rates on AndroidLab and
AndroidWorld across different numbers of samples.

gest that ANDROID COACH provides greater online
agent RL training efficiency gains.

4.3 Ablation Study

To validate key design choices in our framework,
we conduct a set of ablation studies on four key
components: the number of action samples, the
leave-one-out advantage estimation, the process
reward, and the critic initialization strategy.

Increasing the sample count improves perfor-
mance with a sub-linear training time increase.
We ablate the number of action samples N for AN-
DROID COACH without PRM involvement. As
shown in Table 3, SR on AndroidLab increases
from 34.8% at N = 1 to 37.0% at N = 4, repre-
senting a 6.3% improvement, with AndroidWorld
exhibiting a similar trend. However, when N fur-
ther increases to 8, the performance gain becomes
marginal. This can be attributed to the decreas-
ing information gain from additional samples as N
grows, leading to a point of diminishing returns. In
terms of training time, the cost scales sub-linearly.
Specifically, N = 4 requires only 1.62× the base-
line time, while N = 8 requires 2.18×, far below
the N× cost typical of standard online methods
which adopt SSSA paradigm. This highlights the
efficacy of decoupling the resampling process from
the environment, which enables performance im-
provements with sub-linear additional cost when
increasing the number of samples.

Incorporating leave-one-out strategy into RL
training leads to more stable learning and per-
formant agents. We assess the effectiveness of
the proposed ACLOO strategy by benchmarking it
against a vanilla actor-critic implementation with-
out the baseline. To ensure a fair comparison we
train all models using identical pipelines and hyper-
parameters. As demonstrated in Figure 5b remov-
ing the ACLOO baseline results in significant un-
derperformance yielding a substantially lower Suc-
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Figure 6: Critic loss with different initialization strate-
gies during joint policy optimization.

Usage of PRM SR ROR Average Steps

AndroidLab
wo/ PRM 37.0 83.2 12.7
w/ PRM 39.4 (+2.4) 89.8 (+6.6) 11.9 (-0.8)

AndroidWorld
wo/ PRM 39.1 80.0 13.0
w/ PRM 41.1 (+2.0) 85.1 (+5.1) 12.5 (-0.5)

Table 4: Analysis of PRM usage. We report the success
rate (SR), reasonable operation ratio (ROR) of steps and
average steps on AndroidLab for agent trained with and
without process model.

cess Rate of 36.0%. Further analysis of the train-
ing curves in Figure 5a reveals that the ACLOO
method induces a more stable upward trend in out-
come reward throughout training. This underscores
the effectiveness of the leave-one-out strategy in
stabilizing training and accelerating convergence.

Pre-training the Q provides a stable initializa-
tion, leading to more consistent convergence of
its loss during the joint optimization with the
policy. To investigate whether critic pretraining
is necessary for policy training, we conduct experi-
ments with three initialization strategies compris-
ing 1) training from scratch without warm-up, 2)
warming up via online rollouts, and 3) pre-training
on the PRM dataset. Detailed experimental con-
figurations are provided in the Appendix A. As
illustrated in the loss curves in Figure 6, utilizing a
critic without warm-up directly for policy training
results in value divergence. Similarly, restricting
the warm-up phase merely to the online environ-
ment induces instability during subsequent policy
updates. Conversely, pre-training the value model
with data aligned to the PRM enables the critic to
converge stably when subsequently joint trained
with the policy. This highlights the importance of
having a well-pretrained critic before the RL phase.

Using process rewards in training boosts agent
performance and leads to more reasonable inter-

13414



mediate steps. We ablate the effect of the PRM
as shown in Table 4. The agent trained with the
PRM gets higher SR than without PRM on both
AndroidLab (39.4% vs. 37.0%) and AndroidWorld
(41.1% vs. 39.1%), confirming its quantitative ben-
efit. We also report another metric taken from the
AndroidLab benchmark, the reasonable operation
ratio (ROR), which evaluates whether an action
is reasonable based on the resulting changes on
the screen. With PRM, ROR improves by 6.6%
and 5.1% respectively on the two benchmarks, sug-
gesting that incorporating PRM can enhance the
reasonableness of actions taken by the agent, ulti-
mately improving the final success rate.

5 Conclusion

This work introduces ANDROID COACH, a Sin-
gle State Multiple Actions paradigm reinforcement
learning framework to improve online training ef-
ficiency. To reduce online interactions for action
value estimation, we train a reliable value model
to estimate the returns of multiple sampled ac-
tions without additional emulator overhead. Specif-
ically, we introduce a fine-grained Process Reward
Model to guide the critic online training, and a low-
variance group-wise advantage estimator to stabi-
lize policy updates. Extensive experimental results
demonstrate that ANDROID COACH significantly
enhances online training efficiency while leading
to substantial improvement in performance.

Limitations

Despite the effectiveness of ANDROID COACH,
there are several limitations that point to future
work. First, we improve sample efficiency mainly
from an algorithmic perspective, without optimiz-
ing the system architecture for large-scale paral-
lelization; integrating our method into advanced
engineering pipelines (Fu et al., 2025) could further
boost wall-clock training efficiency. Second, unlike
methods such as MobileRL (Xu et al., 2025a) and
MAI-UI (Zhou et al., 2025), which apply extensive
supervised fine-tuning (SFT) on human annotations
before RL, we perform RL directly on a base GUI
model. Due to budget constraints, we do not study
SFT here, though it could, in principle, raise the
performance upper bound. Finally, our reward sig-
nal depends, to some extent, on the reliability of
the Outcome Verifier: occasional hallucinations in
GPT-4o make outcome rewards imperfect. Future
research should aim to develop more reliable ver-

ification methods for online agentic training that
avoid LLM judges’ hallucinations and the labor-
intensive nature of manually designed rules, while
maintaining high precision.
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A Implementation Details

A.1 ANDROID COACH

Policy Training. Our policy models are trained
via full-parameter fine-tuning on a single node
equipped with 8 NVIDIA A100 GPUs with 80 GB
memory. We implement the training pipeline using
a modified version of the verl framework (Sheng
et al., 2025). To optimize efficiency, we employ a
number of parallel emulator environments equal to
the batch size during training. Additionally, we
leverage the vLLM engine (Kwon et al., 2023)
to accelerate inference during the rollout phase,
utilize the Fully Sharded Data Parallel (FSDP2)
backend for distributed training, and enable BF16
mixed-precision. The critic model is also pre-
trained alone using FSDP2 with data mentioned
in Section B and then co-trained with the policy
model. If the Process Reward Model is incorpo-
rated, it is deployed together with policy model
with vLLM engine. During training, the policy
model has access to the complete interaction his-
tory. All experiments in the main text are conducted
using the same settings as the main experiment, un-
less otherwise specified. Detailed hyperparameters
are listed in Table 5. The action spaces for GUI
agent are described in Table 6.

Outcome Verifier. The Outcome Verifier func-
tions as the mechanism for assigning outcome re-
wards during training (Cui et al., 2025; Su et al.,
2026). For AndroidWorld tasks detailed in Sec-
tion B, we utilize the official built-in judge based
on defined rules. For AndroidLab tasks, we adopt
the DigiRL (Bai et al., 2024) methodology and
employ GPT-4o as the Outcome Verifier. We pro-
vide the complete trajectory containing compressed
XML information (Xu et al., 2025b) and actions
for each step to enable accurate task completion
judgment with prompt in Figure 9. To validate the
reliability of this method, we sample 100 trajecto-
ries evaluated by GPT-4o and enlist two graduate
students who are fluent in English and majoring
in STEM fields as human annotators to label them
using identical criteria. Each task is compensated
with $0.5. The agreement rate between human an-
notations and the rewards assigned by the Outcome
Verifier is 92%, demonstrating its reliability.

PRM Training. Our Process Reward Model
(PRM) is trained via full-parameter Supervised
Fine-Tuning (SFT) using verl on a single node
with 8 NVIDIA A100 GPUs with 80 GB mem-

ory. We employ the FSDP2 backend with a batch
size of 32 for 2 epochs. We optimize the model
using AdamW (Loshchilov and Hutter, 2017) with
β1 = 0.9, β2 = 0.95, and a weight decay of 0.01.
The learning rate is scheduled with a cosine de-
cay strategy, peaking at 1e-5 after a warmup phase
covering 10% of the total training steps. To en-
hance stability, we apply gradient clipping with a
maximum norm of 1.0.

A.2 Reproduction

PPO and GRPO. We reproduce the PPO and
GRPO algorithms following the identical hardware
configuration described in Appendix A.1 which
utilizes a single node equipped with eight 80GB
NVIDIA A100 GPUs. We employ the native imple-
mentations provided by the verl framework (Sheng
et al., 2025) and utilize the same Outcome Verifier
for training reward assignment. For PPO, the value
model is also pretrained using the same dataset
with ANDROID COACH using Generalized Advan-
tage Estimation (Schulman et al., 2016) with λ set
to 1.0 which functions equivalently to the Monte
Carlo return. We use a constant learning rate of
1e-6 for the actor and 1e-5 for the value model re-
spectively without applying a KL coefficient. For
GRPO we set the group size to 4, with learning rate
of 1e-6 for the actor. To ensure fair comparison we
maintain a consistent training time budget across
these experiments. All third-party artifacts used in
this work (VERL, AndroidWorld, AndroidLab) are
released under the Apache License 2.0. The full
license texts are available in their respective official
repositories.

Evaluation of other models. Since not all ex-
isting baselines report performance on both An-
droidLab and AndroidWorld benchmarks or pro-
vide the necessary granular data, we conduct a
re-evaluation of selected open-weight GUI agent
models. For Qwen2.5VL-32B (Bai et al., 2025b),
UI-TARS-72B-DPO (Qin et al., 2025), Qwen2.5-
VL-7B-Instruct (Bai et al., 2025b), and UI-TARS-
1.5-7B (Qin et al., 2025), we adopt the identical
input format utilized by ANDROID COACH. Con-
versely, for OS-Genesis-7B-AW (Sun et al., 2025)
and AgentCPM-GUI-8B (Zhang et al., 2025b), we
adhere to their officially recommended input for-
mats. Furthermore, we ensure the output action
space consistent with the official specifications pro-
vided by the model publishers. Besides, due to bud-
get constraints, the results of the proprietary models
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are taken from UI-S1 (Lu et al., 2025d) and Mobil-
eRL (Xu et al., 2025a), which report performance
of gemini-1.5-pro, GPT-4o and Claude-Sonnet-4
under the Set of Marks (SoM) strategy.

B Benchmarks and Data

B.1 Environment

Following prior work (Xu et al., 2025a; Xiao et al.,
2025; Chen et al., 2025a), we construct our envi-
ronment for training from AndroidLab (Xu et al.,
2025b) and AndroidWorld (Rawles et al., 2025).
All experiments are conducted in a controlled
emulator environment with a pre-configured An-
droid 13 system at API Level 33 equipped with
the complete Google Mobile Services suite. The
agent interacts with emulators by reasoning (Wu
et al., 2026; Ma et al., 2026, 2025) and generat-
ing function-call-like commands, which are subse-
quently executed via the uiautomator2 tool. The
emulators include applications for commonly used
tasks such as bookkeeping, navigation, and calen-
dar management. These tasks cover both execu-
tion and querying scenarios. After RL, the agent’s
performance is evaluated using strict, rule-defined
matching criteria (Ding et al., 2026; Lin et al.,
2026).

B.2 Benchmarks

AndroidLab. AndroidLab serves as an online
benchmark platform designed to evaluate au-
tonomous GUI agents within the Android environ-
ment. It comprises 138 tasks spanning nine mo-
bile applications including Zoom, Pi Music Player,
Bluecoins and so on. Different from AndroidWorld,
there is no randomness in evaluation tasks and ini-
tialization scenarios, which means each task has
a fixed initial state and expected outcome. Per-
formance metrics include Success Rate (SR) and
Reasonable Operation Ratio (ROR).

AndroidWorld. AndroidWorld functions as a
comprehensive online benchmark for autonomous
GUI agents featuring 116 tasks across 20 distinct
applications. Task categories encompass audio
recording, content editing, gaming, and scheduling.
To ensure scenario diversity, these tasks are dynam-
ically generated using variable input parameters
and adaptive initialization states. We utilize Suc-
cess Rate (SR) as the primary metric to evaluate
agent performance. We also additionally use the
Reasonable Operation Ratio (ROR) metric.

B.3 Data
AndroidControl. AndroidControl represents a
large-scale dataset consisting of 15,283 demonstra-
tions of everyday tasks involving 833 Android ap-
plications. We utilize AndroidControl exclusively
to construct our Process Reward training dataset,
which is detailed in subsequent paragraphs.

Policy Training Tasks. The reinforcement learn-
ing phase requires only unsupervised task instruc-
tions. We construct our task pool by leveraging
the AndroidLab and AndroidWorld environments.
Specifically, we automatically generate candidate
tasks based on accessible applications in Android-
Lab and synthesize additional tasks using random-
ized parameters within AndroidWorld. Following
a manual verification process to ensure feasibility
and strictly exclude overlaps with the test set, we
compile a final dataset of 2,000 training tasks.

Process Reward Model Training Dataset. We
compile our dataset from AndroidControl and pre-
collected online trajectories, filtering for successful
and non-redundant sequences via GPT-4o and man-
ual verification. For each state, we generate eight
candidate reasoning-action pairs using UI-TARS-
1.5-7B. Candidates are labeled positive if their ac-
tions align with the ground truth while mismatches
are labeled negative. Following GUIOdyssey (Lu
et al., 2025b), we consider coordinates correct if
they fall within a distance of 14% of the screen
width from the ground truth. We further synthe-
size high-quality reasoning components for pro-
cess judgment using GPT-4o. The final dataset
comprises 20k samples with a balanced 1:1 ratio
between positive and negative examples, as shown
in Figure 7. Subsequently, we adapt these data
points to pre-train the Q function by mapping the
label True/False to 1/0 value score.

State ActionYou are a process evaluator for GUI agent… Evaluation:

Input

Prompt State Action Prompt

<think>\n 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 \n</think>\nJudgement: 𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿(True/False)

Supervised Output

Reason Label

Figure 7: Process Reward Model training data format.

License. All third-party artifacts used in this
work are released under the Apache License 2.0,
and our use is consistent with their standard open-
source terms for academic research.
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Component Hyperparameter Value

Data Max Prompt Length 32768
Data Max Response Length 512
Data Train Batch Size 8
Actor/Policy Strategy (Parallelism) FSDP2
Actor/Policy PPO Micro Batch Size/GPU 1
Actor/Policy Learning Rate (LR) 1e-6
Actor/Policy Gradient Clipping 1.0
Actor/Policy Clip Ratio 0.2
Rollout & Sampling Sampling Temperature 1.0
Rollout & Sampling Max New Tokens 512
Rollout & Sampling Max Turns 25
Rollout & Sampling Max Pixels 1270180
Rollout & Sampling Min Pixels 256
Reward Process Reward Weight ωp 0.2
Reward Outcome Reward Weight ωo 1
Reward Discount factor λ 0.95
Critic Learning Rate (LR) 1e-5
Critic Clip Range Value 0.5
Critic Warmup Ratio 0.1

Table 5: Main hyperparameters in ANDROID COACH.

Action Definition

Click(x, y) Clicks at coordinates (x, y).
Scroll(x1, y1, x2, y2) Scrolls from (x1, y1) to (x2, y2).
Drag(x1, y1, x2, y2) Drags from (x1, y1) to (x2, y2).
Type(content) Types the specified content.
Wait() Pauses for a brief moment.
Finished(content) Marks the task as complete.
LongPress(x, y) Long presses at (x, y).
PressBack() Presses the "back" button.
PressHome() Presses the "home" button.
PressEnter() Presses the "enter" key.

Table 6: Operation action space for GUI agent in ANDROID COACH.
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Prompt for ANDROID COACH

Task Description You are a GUI agent. You are given a task and your action history, with
screenshots. You need to perform the next action to complete the task.
Output Format
Thought: ...
Action: ...
Action Space
click(start_box=‘<|box_start|>(x1,y1)<|box_end|>’)
long_press(start_box=‘<|box_start|>(x1,y1)<|box_end|>’)
type(content=‘xxx’)
scroll(start_box=‘<|box_start|>(x1,y1)<|box_end|>’, end_box=‘<|box_start|>(x2,y2)<|box_end|>’)
open_app(app_name=‘’)
press_home()
press_back()
finished(content=‘’) # Submit the task regardless of whether it succeeds or fails.
Note
- Use English in Thought part.
- First summarize your previous actions, then write a small plan and finally summarize your next
action (with its save target element) in one sentence in Thought part.
Mobile and UI Agent Interaction History: {interaction_history}

Figure 8: Prompt for ANDROID COACH. This prompt is consistent with the official prompt provided by UI-TARS-
1.5-7B.

Prompt for Outcome Verifier

Task Overview:
You are an expert evaluator for determining the success of GUI tasks. You will be provided with
the following information:
1. The task description.
2. Mobile and UI Agent Interaction History including the step-by-step page state in compressed
XML format and the agent’s action for each step.
Scoring Rule:
You need to judge if the UI Agent completed the task based on the interaction trajectory. You
should return True or False according to your judgment.
Output Format:
<analysis> [Your analysis] </analysis>
</ans> [Your judgment] </ans>
Current Task Information:
Task Description: {instruction}
Mobile and UI Agent Interaction History: {interaction_history}

Figure 9: Prompt for outcome verifier.
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Prompt for Process Reward Model

Role Definition: You are a meticulous evaluator for an Android GUI automation agent. Your
primary mission is to analyze the agent’s reasoning and proposed action in the context of a given
task and the current user interface. You must determine if the agent’s action is a correct and logical
step towards completing the task, and judge whether the operation conforms to Android system
specifications.
Input Data: You will be provided with: 1. Instruction: The high-level goal. 2. Screenshot: A
visual representation of the current GUI state. 3. Agent’s Thought and Action: The reasoning
process and the specific Action intended.
Evaluation Criteria: Your output format should be <think>...thought process...</think>
judgment:True or False.
Return True if: The proposed Action is logical, relevant, and productive based on a correct
interpretation of the Screenshot.
Return False if: The action is incorrect (illogical, misinterpretation of UI, redundant, or counter-
productive).

Example 1 (Correct Action):
Instruction: Record an audio clip and save it with name
“F3tb_presentation.m4a” using the Audio Recorder app.
Screenshot: [Home screen with “Audio Recorder” icon visible.]
Agent’s Thought and Action: Thought: I need to open the
app. I see the “Audio Recorder” icon. I will tap it. Action:
click(start_box=‘(635,520)’)
Evaluation: <think> Agent’s Logic Analysis: The agent correctly
identifies the first step and locates the icon. Action Validation: The
action is the most direct and logical step. </think> judgment:True

Example 1 Screenshot
Example 2 (Incorrect Action):
Instruction: Record an audio clip and save it with name
“F3tb_presentation.m4a” using the Audio Recorder app.
Screenshot: [Inside Audio Recorder app. “Get Start” button visible.]
Agent’s Thought and Action: Thought: I don’t see the app icon, so I
must be in the wrong place. I need to go back. Action: press_back()
Evaluation: <think> Agent’s Logic Analysis: The agent used flawed
reasoning; it failed to recognize it is already in the app. Action Val-
idation: press_back() exits the app, which is counter-productive.
Correct action is clicking get start. </think> judgment:False

Example 2 Screenshot

Now, evaluate the following scenario:
Instruction: {instruction}
Agent’s Thought and Action: {agent_thought_and_action}
Evaluation:

Figure 10: Prompt for Process Reward Model.
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Prompt for GPT-4o to Generate Reason for PRM Training

Task Overview:
You are an expert evaluator for an Android GUI Agent. Your mission is to analyze the agent’s
behavior at each step and determine if its intended action is correct and logical for accomplishing a
given task.
1. Context
The agent interacts with an android operating system. It receives a high-level instruction from a
user and attempts to complete it by performing a sequence of actions on the device’s GUI. The
process is sequential: observe screen→ generate thought/action→ execute action→ repeat. The
agent’s interaction is restricted to predefined actions:
click(start_box=‘[x1, y1, x2, y2]’), long_press(start_box=‘<|box_start|>(x1,y1)<|box_end|>’),
scroll(start_box=‘<|box_start|>(x1,y1)<|box_end|>’, end_box=‘<|box_start|>(x2,y2)<|box_end|>’),
drag(start_box=‘<|box_start|>(x1,y1)<|box_end|>’, type(content=‘xxx’), open_app(app_name=‘’),
press_back(), press_home(), finished(content=‘xxx’)
2. Your Task
You will be provided with four pieces of information for a single step: instruction, screenshot,
historical actions, ground truth action, agent’s thought and action and ground truth judgment.
Your task is to critically evaluate the agent’s step using an analytical process: 1) Understand
the instruction. 2) Analyze the History and Screenshot. 3) Evaluate the agent’s action given
the ground truth judgment. Output 1 (Correct/Reasonable Action) if: Direct progress, logical
sub-task, handling obstacles, sensible exploration, appropriate action type, error correction. Output
0 (Incorrect/Unreasonable Action) if: Contradicts instruction, illogical action, flawed reasoning,
no progress, inefficient action, wrong action type, perpetuating errors.
3. Output Format
Your response MUST be a valid JSON object with two keys:
1. "result": Integer (1 for Correct, 0 for Incorrect)
2. "reason": Concise string explaining your judgment
4. Examples

Example 1: Correctly Handling an Obstacle (Correct)
Instruction: Open a new private tab in the browser.
Agent’s Thought and Action: Thought: A system dialog has appeared asking to set the default browser. This is not required for my current task. I
will dismiss this dialog by clicking ‘Cancel’ to continue. Action: click(start_box=‘(700, 1300)’)
Expected Output: {“result": 1, “reason": “The agent correctly identified a system dialog as an obstacle not relevant to the main task. Its decision to
dismiss the dialog is a logical and efficient way to handle the interruption and proceed with the instruction."}

Example 2: Error Based on Historical Context (Incorrect)
Instruction: Delete the contact “John Smith".
Agent’s Thought and Action: Thought: A confirmation pop-up has appeared to delete the contact. I need to confirm the deletion to complete the task.
Action: click(start_box=‘(600, 1200)’)
Expected Output: {“result": 0, “reason": “The action perpetuates a previous error. The agent is about to delete ‘John Appleseed’, but the instruction
was to delete ‘John Smith’. This stems from an incorrect selection in a previous step, and proceeding would fail the task."}

Scoring Rule:
You need to judge if the agent’s current action is correct and logical based on the instruction,
screenshot, historical context, and the agent’s reasoning.
Output Format:
<analysis> [Your analysis] </analysis>
</ans> [Your judgment] </ans>

Your Turn:
Instruction:{instruction}. Historical Actions:{history}. Ground truth action:{ground_truth}.
Agent’s Thought and Action:{agent_thought_and_action}. Ground Truth judgment:{judgment}.
Your Output:

Figure 11: Prompt for GPT-4o to generate reason for PRM Training.
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C Pseudocode

Algorithm 1 Android Coach Framework
1: Initialize: Initial actor parameters θ, initial critic parameters ϕ.
2: Given: Instruction Pool I, process reward model(PRM), outcome reward verifier(OV).
3: for each iteration do
4: # Phase 1: Actor Data Collection
5: for each Android step t do
6: Given I, execute action at ∼ πθ(·|st) and store finished trajectory τ . ▷ Online Interaction
7: end for
8: # Phase 2: Assign Returns
9: for each trajectory τ do

10: Routcome ← OV(τ , Instruction)
11: for step t← T downto 1 in trajectory τ do
12: rpt ← PRM(at, st)
13: Rt ← MC estimation

(
rt:Tp , rO

)

14: Add (st, at,Rt) to replay buffer D.
15: end for
16: end for
17: # Phase 3: Update Critic
18: for each critic step do
19: Sample batch of (st, at,Rt) ∼ D.
20: Update ϕ by clipped MSE loss in Equation 2.
21: end for
22: # Phase 4: Update Actor
23: for each actor step do
24: Sample batch of states {s} ∼ D
25: Generate K responses: {a1, . . . , aK} ∼ πθ(·|s) ▷ Single State Multiple Actions
26: Compute advantages Â(s, ai) by ACLOO:
27: Qi ← Qϕ(s, ai)

28: Â(s, ai)← Qi − 1
k−1

∑
j ̸=iQj

29: Update θ by PPO loss in Equation 4.
30: end for
31: end for
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D Lemma

Let st be the current state. We sample k independent and identically distributed (i.i.d.) actions from our
policy πθ(·|st):

a(1), a(2), . . . , a(k) ∼ πθ(·|st)

For each i-th sample a(i), we compute its Q-value Q(st, a
(i)) and define a leave-one-out baseline bi:

bi =
1

k − 1

∑

j ̸=i
Q(st, a

(j))

The advantage for the i-th sample is:

Â(i) = Q(st, a
(i))− bi

While the PPO LCLIP objective is inherently biased for stabilization, we justify our choice of the
ACLOO estimator by proving that it is statistically sound. Specifically, it is a low-variance estimator that
does not introduce any bias when applied to the standard policy gradient theorem. This demonstrates its
validity as a high-quality advantage signal. The policy gradient estimator for this sample is:

gi = Â(i)∇θ log πθ(a(i)|st)

We will now prove that this estimator gi is unbiased and has reduced variance.

D.1 Proof of Unbiasedness

Lemma 1 (Unbiased Estimator). The policy gradient estimator gi is an unbiased estimator of the true
policy gradient ∇θJ(θ).

Proof. We prove that the expected value of our estimator gi is equal to the true policy gradient ∇θJ(θ).
The true policy gradient is defined as:

∇θJ(θ) = Ea∼πθ [Q(st, a)∇θ log πθ(a|st)]

The expectation of our estimator gi is taken over all k i.i.d. samples:

E[gi] = E
[(

Q(st, a
(i))− bi

)
· ∇θ log πθ(a(i)|st)

]

By linearity of expectation, we split this into two terms:

E[gi] = E[Q(st, a
(i))∇θ log πθ(a(i)|st)]− E[bi · ∇θ log πθ(a(i)|st)]

1. Analyzing the first term: Since a(i) is a sample drawn from πθ(·|st), the first term is, by definition,
the true policy gradient:

E[Q(st, a
(i))∇θ log πθ(a(i)|st)] = ∇θJ(θ)

2. Analyzing the second term (the bias term B):

B = E[bi · ∇θ log πθ(a(i)|st)]

The key insight is that our k samples are i.i.d.

• The baseline bi =
1

k−1

∑
j ̸=iQ(st, a

(j)) is a random variable that depends only on the samples
{a(j)}j ̸=i.

• The gradient term ∇θ log πθ(a(i)|st) is a random variable that depends only on the sample a(i).
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Because a(i) is statistically independent of {a(j)}j ̸=i, the random variables bi and∇θ log πθ(a(i)|st) are
also statistically independent.

For independent random variables X and Y , E[XY ] = E[X]E[Y ]. Therefore:

B = E[bi] · E[∇θ log πθ(a(i)|st)]

We now compute the expectation of the gradient term:

E[∇θ log πθ(a(i)|st)] =
∑

a

πθ(a|st) · ∇θ log πθ(a|st)

=
∑

a

πθ(a|st) ·
∇θπθ(a|st)
πθ(a|st)

=
∑

a

∇θπθ(a|st)

= ∇θ
(∑

a

πθ(a|st)
)

= ∇θ(1) = 0

Substituting this result back into the bias term B:

B = E[bi] · 0 = 0

3. Conclusion: The bias term is zero. Thus, the expectation of our estimator is the true policy gradient:

E[gi] = ∇θJ(θ)− 0 = ∇θJ(θ)

This proves the estimator is unbiased.

D.2 Proof of Variance Reduction (via Shift-Invariance)

Lemma 2 (Variance Reduction). The advantage estimator Â(i) is invariant to an arbitrary constant shift
C added to the Q-function, which centers the advantage estimates and reduces variance.

Proof. We prove that Â(i) is shift-invariant. Let Q′(s, a) = Q(s, a) +C be the shifted Q-function for any
constant C ∈ R.

The new advantage Â′(i) is:
Â′(i) = Q′(st, a(i))− b′i

First, we compute the new baseline b′i using the shifted Q′-values:

b′i =
1

k − 1

∑

j ̸=i
Q′(st, a(j))

=
1

k − 1

∑

j ̸=i

(
Q(st, a

(j)) + C
)

=


 1

k − 1

∑

j ̸=i
Q(st, a

(j))


+


 1

k − 1

∑

j ̸=i
C




= bi +
1

k − 1
((k − 1) · C)

= bi + C
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Now, substitute Q′ and b′i back into the expression for Â′(i):

Â′(i) = Q′(st, a(i))− b′i

=
(
Q(st, a

(i)) + C
)
− (bi + C)

= Q(st, a
(i))− bi

= Â(i)

Conclusion: Since Â′(i) = Â(i), the advantage estimator is invariant to any constant shift C. This
demonstrates that Â(i) measures the relative quality of a(i) compared to the average of its peers, effectively
centering the advantage values. This centering property dramatically reduces the variance of the gradient
estimator gi.
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