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Abstract

Advances in Multimodal Large Language Models have sig-
nificantly enhanced Graphical User Interface (GUI) automa-
tion. Equipping GUI agents with reliable episodic reason-
ing capabilities is essential for bridging the gap between
users’ concise task descriptions and the complexities of real-
world execution. Current methods integrate Reinforcement
Learning (RL) with System-2 Chain-of-Thought, yielding
notable gains in reasoning enhancement. For long-horizon
GUI tasks, historical interactions connect each screen to the
goal-oriented episode chain, and effectively leveraging these
clues is crucial for the current decision. However, existing na-
tive GUI agents exhibit weak short-term memory in their ex-
plicit reasoning, interpreting the chained interactions as dis-
crete screen understanding, i.e., unawareness of the historical
interactions within the episode. This history-agnostic reason-
ing challenges their performance in GUI automation. To alle-
viate this weakness, we propose a History-Aware Reasoning
(HAR) framework, which encourages an agent to reflect on its
own errors and acquire episodic reasoning knowledge from
them via tailored strategies that enhance short-term memory
in long-horizon interaction. The framework mainly comprises
constructing a reflective learning scenario, synthesizing tai-
lored correction guidelines, and designing a hybrid RL re-
ward function. Using the HAR framework, we develop a na-
tive end-to-end model, HAR-GUI-3B, which alters the inher-
ent reasoning mode from history-agnostic to history-aware,
equipping the GUI agent with stable short-term memory and
reliable perception of screen details. Comprehensive evalua-
tions across a range of GUI-related benchmarks demonstrate
the effectiveness and generalization of our method.

Code — https://github.com/BigTaige/HAR-GUI
Extended version — https://arxiv.org/abs/2511.09127

1 Introduction

Graphical User Interface (GUI) agents have witnessed re-
markable advancements with the integration of advanced
Multimodal Large Language Models (MLLMs), enabling
autonomous manipulation of end-user devices via tailored
development for GUI scenarios (Qin et al. 2025). Such
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capability holds significant value in applications like ac-
cessibility and automated testing. Early methods rely on
MLLMs with generic multimodal understanding capability,
using function calls and context engineering to manually
construct workflows for GUI automation (Wang et al. 2024;
Chen et al. 2024a). However, these methods demanded
meticulous prompting design and faced performance bottle-
necks due to models’ sensitivity to instructions (Zhuo et al.
2024). Reliance on expert experience and handcrafted in-
structions limits scalability across GUI-oriented tasks in de-
vice ecosystems, and the closed-source nature of these large-
scale MLLMs further restricts domain-specific optimization,
underscoring the need for more adaptable solutions.

In contrast to screen understanding tasks (Li et al. 2020;
Hsiao et al. 2022; Schoop et al. 2022; Chen et al. 2021), GUI
automation is far more challenging, a GUI agent must inte-
grate reliable reasoning with the ability to interpret a con-
cise task description and then interact with the device step-
by-step (Tang et al. 2025). In long-horizon GUI tasks, his-
torical interaction information connects each screen to the
entire episode chain shaped by the user’s overall goal, and
the agent’s ability to reliably perceive this information is
crucial for action decision at the current screen status. By
integrating GUI-specific knowledge, current MLLMs (Bai
et al. 2025; Team et al. 2025) can adapt to GUI scenarios,
and post-training these domain-specific foundation mod-
els for GUI agent development has produced promising
results (Wang et al. 2025), particularly when adopting a
System-2 reasoning mode (Qin et al. 2025), in which GUI
agents perform explicit logical reasoning before predicting
actions, and applying RL (Shao et al. 2024) to further en-
hance their reasoning capability. However, despite the re-
markable gains in screen perception (Zhou et al. 2025) and
reasoning enhancement achieved by existing methods (Luo
et al. 2025), we find that current native GUI agents ex-
hibit a notable short-term memory weakness during episodic
reasoning. Specifically, their reasoning mode is agnostic
to historical interactions, degrading chained interactions
to discrete screen understanding. This history-agnostic”
stems from the foundation MLLM’s inherent Chain-of-
Thought (CoT), undermining performance in episodic rea-
soning that need to leverage the previous execution clues.

Current advanced methods focus on enhancing the over-
all reasoning of GUI agents, whereas exploration of spe-



cific defects in episodic reasoning remains limited. Drawing
on heuristic learning, several methods leverage hard sam-
ples, i.e., instances that are previously incorrectly inferred,
and apply RL for reflective training, encouraging the agent
to acquire unfamiliar domain-specific reasoning knowledge
from these samples (Qin et al. 2025; Liu et al. 2025b). RL
primarily steers the model toward reward-bearing trajecto-
ries, thereby refining its output strategy from generating
multiple candidates (pass@k) to a single, high-confidence
solution (pass@1). However, this process remains funda-
mentally limited by the foundation model’s prior knowl-
edge. (Yue et al. 2025). Without introducing external GUI-
specific reasoning knowledge, the agent’s short-term mem-
ory weakness persists. Moreover, these methods perform RL
with inference-format instructions (Lu et al. 2025; Wu et al.
2025a,b), i.e., training instructions identical to the inference
phase, yet our experiments indicate that the optimization sig-
nal primarily affects action-level prediction without enhanc-
ing the agent’s inherent reasoning mode.

In this work, we aim to enhance the reasoning capabilities
of the GUI agent by equipping it with short-term memory
for episodic reasoning, enabling explicit historical-context
awareness in its System-2 CoT, which in turn fortifies its
overall performance on GUI-oriented tasks. Consequently,
we propose a History-Aware Reasoning (HAR) framework
for reflective training with tailored GUI reasoning enhance-
ment strategies. Our method comprises three key compo-
nents: (i) Reflective learning scenario construction; (if)
Tailored correction guidelines synthesis; (iii) A hybrid
RL reward function to encourage historical awareness in
the GUI agent. Using the HAR framework, we alter the rea-
soning mode of the GUI agent from being history-agnostic
to being history-aware. This allows for explicit integra-
tion of historical context and cognitive correction via error-
centric self-evolution. As a result, the GUI agent emerges
stable short-term memory, allowing it to flexibly perceive
the episode’s chained historical clues and make reasonable
use of it. This strengthened reasoning enables the GUI agent
to handle long-horizon interactions and achieving consistent
and persistent gains across GUI-oriented tasks.

We evaluate our method on diverse, widely used GUI-
related benchmarks and manually annotate a challenging
Chinese mini-program benchmark for out-of-distribution
(OOD) generalization comparison. Experiments demon-
strate that our method outperforms current advanced meth-
ods with similar parameters on multiple GUI-related bench-
marks and rivals larger models in OOD scenarios. Our main
contributions are as follows:

* We propose HAR, a framework that employs tailored
strategies and reflective learning to deepen the agent’s
GUI-specific knowledge and transform its reasoning
from history-agnostic to history-aware, enhancing its
short-term memory for episodic reasoning.

Using the HAR framework, we develop HAR-GUI-3B,
a GUI-tailored native model with reliable episodic rea-
soning and screen perception, and demonstrate its effec-
tiveness across a range of GUI-related benchmarks.

* HAR-GUI-3B shows consistent generalization. In OOD
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scenarios, it outperforms SOTA methods with similar pa-
rameter sizes and competes with much larger models.

2 Related Works

Early methods rely on sophisticated context engineering and
MLLM function calls to construct workflows for GUI au-
tomation, e.g., ReAct (Yao et al. 2023), Reflexion (Shinn
et al. 2023), Expel (Zhao et al. 2024) and AppAgent (Zhang
et al. 2025). While these methods show promise, their ef-
fectiveness relies on the MLLM’s general capability, man-
ual experience, and sensitivity to instructions. Subsequently,
researchers enhance MLLMs’ GUI perception by training
small-parameter models with domain-specific data, yielding
native GUI agents such as SeeClick (Cheng et al. 2024), MP-
GUI (Wang et al. 2025) and ShowUI (Lin et al. 2025) via
supervised fine-tuning (SFT). With RL’s success in reason-
ing enhancement (Shao et al. 2024), several methods employ
RL to train agents (Bai et al. 2024), achieving remarkable
reasoning and generalization capabilities. Domain-specific
pre-training further enables MLLMs to tackle complex GUI
tasks using concise instructions (Bai et al. 2025). The slow
thinking mode of System-2 reasoning emerges as an effec-
tive approach for enhancing GUI agents (e.g., UI-TARS (Qin
et al. 2025), InfiGUI-R1-3B (Liu et al. 2025b), GUI-R1-
3B (Luo et al. 2025) and UI-R1-3B (Lu et al. 2025)). Mean-
while, several methods steer the agent’s attention to spe-
cific content via instructional constraints (Wang et al. 2024;
Zhang et al. 2025). However, this manual prompting ap-
proach contradicts the natural reasoning behavior of the
foundation models on GUI automation, resulting in unstable
performance and hallucinations. Alternatively, we construct
a reflective learning scenario and tailored strategies to equip
the agent with competent GUI reasoning capability.

3 HAR Framework

An overview of the Histoty-Aware Reasoning (HAR) frame-
work is illustrated in Fig.1. In this section, we first define the
GUI episode reasoning task and then introduce the critical
training stages in the HAR framework.

3.1 Task Definition

We first formulate the execution of the GUI agent, let D
denotes an episode chain with an overall goal G, D =
(G,(01,A1),...,(0Opn, Ay)), and observation O;=(1;,P),
where A; € A means the action executed by the agent at
time step ¢ € [1,n], A is the pre-defined action space (e.g.,
CLICK, SCROLL and TYPE), I; is the screen image, PP de-
notes the textual instruction template. The task can be for-
mulated as a Markov Decision Process P(A;|O<y, A<y, G).
Since step-by-step execution, chained interaction histories
T~y are critical for the current decision. While some meth-
ods concatenate (I.;, A<;) pairs into the input for J.;
transmission, computing image tokens is expensive, espe-
cially for high-resolution devices (Lin et al. 2025). To bal-
ance computational costs and performance, most research
conveys J.; via textual modality (Liu et al. 2025b; Luo
et al. 2025) by summarizing interactions and integrating
them into P, which is also a strategy adopted in this work.
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Figure 1: Overview of the Histoty-Aware Reasoning (HAR) framework. HAR framework is an error-centric learning approach
designed to enhance the reasoning capability of the GUI agent by performing error-aware cognitive correction within a tailored
reflection scenario. The framework consists of two critical training stages: (i) GUI Scenario Warm-up Stage. During this
phase, comprehensive domain-specific knowledge is injected into the agent via GUI-related data collection and synthesis for
knowledge distillation. (if) Learning From Failure Stage. In this stage, the agent’s short-term memory is enhanced. It involves
around of RL within the reflection scenario to perform error-aware cognitive corrections that boost episodic reasoning, followed
by another round of RL employing a task-mixing training strategy to assist the GUI agent perceive screen visual details.

3.2 GUI Scenario Warm-up

Due to the weak screen perception of the foundation model
Mpase in handling GUI-oriented tasks, in this training stage,
we collect and synthesize comprehensive GUI-related data
for the injection of domain-specific knowledge through su-
pervised fine-tuning (SFT).

GUI Understanding Enhancement. Effective screen per-
ception is crucial for GUI agents to conduct GUI-oriented
tasks (Cheng et al. 2024; Wang et al. 2025), e.g., screen anal-
ysis (Li et al. 2020; Wang et al. 2021) and screen question-
answering (Baechler et al. 2024). To enhance the fundamen-
tal screen understanding of M., we collect comprehen-
sive domain-specific tasks from public sources, including
graphic caption generation, Ul-element clickability predic-
tion, screen question answering, screen summary, and screen
grounding. These data cover platforms with multiple resolu-
tions, including mobile, desktop, and website.

Action Summarization Integration. The GUI agent is re-
quired to interact with the screen for multiple rounds, ana-
lyze the current screen status, and interpret the overall goal
to make the ongoing decision. Thus, the agent needs to be
equipped with a reliable action understanding capability, i.e.,
it is crucial for the agent to effectively comprehend the se-
mantics of the action at the episode level.

In this part, we introduce an action summarization task
designed to enhance the action semantic understanding of
Mpase- Specifically, we construct instruction templates that
prompt a teacher model to synthesize Action-to-Summary
(Act2Sum) data. Specifically, let G denote the goal, Z; the
current screen image, A; the corresponding action, Py, the
instruction template, and M eqener(, 0) the teacher model
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with parameters 6. The process can be expressed as follows,
OfﬁlctQSum = Mteacher (It 5 IP)Sum (g7 At) P 9) (1)

where O, 56, is the action summary corresponding to
At, I, and G. We construct the Act2Sum dataset by pairing
each summary OY ;5q,,,, With its input (Z;, Psym (G, A¢)).

Since the input explicitly contains the episode’s goal, the
synthesized content is goal-oriented and semantically rich,
which assists M, in generating globally aware historical
interaction records during episodic reasoning.
System-2 Reasoning Data Distillation. Compared with
System-1 reasoning paradigm (fast thinking mode that gen-
erates answers directly), explicitly generate intermediate
thought processes via CoT before answering, System-2 rea-
soning (slow thinking) denotes intentional, organized, and
analytical thought, improving agents to tackle complex and
multi-step tasks (Qin et al. 2025). To enhance the reason-
ing capability of M., we utilize the reasoning advanced
Mieacher to synthesize System-2 CoT for each instance of
episodes. Specifically, we build the instruction template (in-
ference format) and conduct the inference with Mecper. Af-
terwards, we filter out positive samples through evaluation
methods and collect these synthetic samples with System-2
CoT as training data. Via training, we achieve high-quality
GUI reasoning knowledge injection from M ucper t0 Mpgge-

3.3 Learning From Failure

After the warm-up stage, we yield a GUI-enhanced agent
Myarm-up from M. Inspired by the heuristic principle
that “Adversity is the crucible of growth”, we construct a
reflection scenario for training to encourage M4y tO
grasp domain-sepcific reasoning knowledge from hard sam-
ples via self-evolution, thereby improving the reasoning of



GUI agent when facing complex GUI-oriented tasks. We
first perform inference using M,,4m.4p ON our episode data
and flag error instances as historical incorrect samples Dy, ;.
Guidance Synthesis for Error Correction. Currently, there
are few methods conduct RL for reflective training on
hard samples (Wu et al. 2025a; Liu et al. 2025a). How-
ever, these methods are trained under an inference-style
pattern. Although RL can narrow the output space from
pass@k to pass@1 to improve the success rate through ex-
ploration (Yue et al. 2025), enhancing short-term memory
remains a challenge. This requires altering the GUI agent’s
entrenched reasoning CoT established during pre-training.
Inspired by curriculum learning (Liu et al. 2024), we
conduct error analysis on samples in Dy;s by prompting
Mieacher t0 generate no more than three error correction
guidelines G for each incorrect instance. Thus, G can serve
as external GUI reasoning knowledge to facilitate Myqpm-up
in clue-oriented reasoning enhancement and hard samples
correction. We can formulate this process as follows,

Gt = Mtea('her (It; ]P)guidance(i‘t)a 0)7

A error error 2
Be = (G, Ter, Ay AT CT7O) € Dy D

where G; means the tailored guidelines corresponding
to x;, Ay is the ground truth, Pgijance(-) represents the in-
struction, A¢""°" denotes the incorrect action conducted by
Myarm-up and C77°" is the CoT corresponding to Ag""°".
Reflection Scenario Construction. Inspired by earlier
methods that employ MLLM function calls and hand-
crafted, prompt-based reflection to correct erroneous exe-
cution paths (Yao et al. 2023; Wang et al. 2024), current
approaches adopt inference-format instructions and perform
RL training on hard samples to enhance GUI agents (Wu
et al. 2025a; Liu et al. 2025a). As discussed, the weak
domain-specific knowledge of foundation models in GUI
automation results in a key observation: RL-based explo-
ration under the inference-format instruction struggles both
to correct hard samples and to enhance the short-term mem-
ory of GUI agents. Thus, we construct a reflection scenario
for cognitive correction and introduce external GUI reason-
ing knowledge tailored for each instance in Dy, i.e., guide-
lines G, to assist the GUI agent in its self-evolution during
clue-guided exploration. The process can be formulated as,

*

t — M warm-up (It ) IP)reﬂectinn (xt) ) 9)7

3
20 = (G, Gy, Teg, AT CT™) € Rpy )

where A}, C, S = OFf, Prefieciion denotes the instruction
of the reflection format, A} represents the action predicted
by Myarm-up, Ci and Sf mean the corresponding CoT, as
well as the statement and reflection on the previous incorrect
prediction, respectively.
Error-Aware Cognitive Correction. Since we aim to guide
the GUI agent to grasp episodic reasoning knowledge
through self-exploration without supervisory signal con-
straints, we identify that the GRPO algorithm (Shao et al.
2024) aligns well with this goal. Specifically, GRPO first
generates /N candidate responses {(9;‘71-}1-:1: n for a task
query. Each response O; ; yields a reward r; via action ex-
ecution. Then, normalizing rewards to compute the relative
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advantage F; of each response:

; —mean({ry,...,rn})
std({r1,...,rn})

where mean(-) and std(-) denote the reward distribu-
tion’s mean and standard deviation. In our reflection sce-
nario, each response O; ; has three components: A; ;, C; ;.
and §/,. To make fuller utilize of the output signals,
each sample’s reward r; consists of multiple parts. First, a
rule-based format reward ™ is used to check whether

07 ; conforms to the output format required by instruction

E=" )

Prefiection- If it matches, r’;”rmm =1, otherwise it is 0. Next, we

define the action reward r¢<*°" 1If the predicted action Af,
matches the label, the reward is 1, otherwise it is 0.

Note that in real-world execution, actions involving
screen coordinates are frequently called, and our experi-
ments found that the correct execution of such actions (e.g.,
CLICK) is challenging for GUI agents. Thus, for this type
of actions, we assign a higher reward to enhance the GUI
agent’s perception of screen details. Specifically, let P =
(Pz,py) and P* = (p;,pj) represent the absolute coordi-
nates (x,y) of the label and prediction, respectively. Then,
we calculate the scalar action reward %<t ag follows,

%

Faisi(P1, Po) = /(21 — 22)2 + (y1 — 2)2,

(5
Py = (21,11), P2 = (72,%2)
lffix P,P T,if./.'.is <T
Fups(Py, Py, 7) = {0 elsed (P1, Py)/ dist ©
Prorm = (Pz/w,py/h)s Ppopm = (pZ,/w,pZ/h)
Dnorm = ]:disf(Pnorma P;:orm)
1 (7N

action 1 > abs(-l ’ I *7 Tabs
T =
Fubs(P, P*, bes), else

where w and h denote screen resolution, while 7,5, Tths
and 72 represent thresholds. This approach offers two key
benefits: (i) it motivates the GUI agent to optimize along
the path of minimal Euclidean distance when all pre-
dictions within a group align with the label; (ii) it re-
wards deviations from the nearest predictions when mis-
matches occur. This multi-scale reward mechanism encour-
ages the GUI agent to explore fine-grained screen details.

Via analysis of bad cases and guidelines G, we notice
that many incorrect predictions result from the GUI agent’s
lack of awareness of previous interaction histories, indicat-
ing weak short-term memory. Thus, we propose a model-
based Memory-Augmented Reward (MAR) function. Our
goal is to determine whether the explicit CoT C;; includes
the agent’s logical analysis of previous interactions. Let
;""" denotes the MAR, which can be calculated as,

1)) ®)

where Pyemory represents the instruction for short-term
memory verification and Fyar (-) denotes a model-based re-
ward function'. If CoT C}, contains historical information

)7 if Dnorm < Tm)rm

memory __ *
711', — ]:MAR(]P)Memory( t,i7

"We use Qwen3-235B-A22B (Yang et al. 2025) as the memory
reward judgment function.



TL,, then r["“"°"Y=1, otherwise it is 0. Note that not all
guidelines G contain clues to the context of historical inter-
actions. Thus, compared with statically constraining the GUI
agent to focus on historical interactions within the episode,
our “guidelines + MAR” strategy can dynamically guide the
agent to perform error-aware cognitive correction and en-
hance its short-term memory. Finally, we define the hybrid
reward r; as follows, where ~ is a hyperparameter,

r; = T/;'ormat « + v X r;nemory). (9)

After the first round of RL (Round-1 RL) in our con-
structed reflection scenario with tailored reward functions,
we enhanced the short-term memory of the GUI agent in
episodic reasoning, altering it from a history-agnostic and
simplistic reasoning mode to a history-aware and rigorous
reasoning mode. The effect of this stage is shown in Fig.2.
Round-2 RL. Since the external episodic reasoning knowl-
edge, i.e., tailored guidelines G, is unavailable during the
execution phase, we introduce Round-2 RL to align the ex-
ecution format. Through Round-1 RL in the reflection sce-
nario, the GUI agent enhances its capability to correct er-
roneous cognition, including improvements in short-term
memory, action semantic understanding, and screen details
perception. At this stage, instructions are converted to the
inference-format to raise the difficulty of learning?. Further,
we noticed that reflective training with episodic reason-
ing data alone weakens the GUI agent’s grounding ca-
pability (as discussed in the ablation experiment, Fig.3). To
address this issue, we propose a task mixing training strat-
egy (TMTS), which is a multi-task RL approach that mixes
grounding and GUI episodic reasoning tasks. For episodic
reasoning task, we use the Round-1 RL hybrid reward func-
tion in Eq.9; for grounding task, we use Eq.7. See the ap-
pendix for details of each instruction template.

After completing Round-2 RL, we upgrade M4 t0
a reasoner Mpar.cur (HAR-GUI-3B) with comprehensive
GUI knowledge, which can serve as a GUI-tailored na-
tive model. Experiments demonstrate the advancement of
Muar.cur across a range of GUI-related benchmarks.

action
(5

4 Experiments
4.1 Experimental Setup

Data Curation. Overall, there are three training stages in
the HAR framework. (i) We first distill GUI knowledge
via the warm-up SFT stage, sampling 4k GUI understand-
ing instances from MP-GUI, 20k grounding instances from
OS-Atlas, and synthesizing 58k instances equipped with
System-2 CoT alongside 100k Act2Sum entries from AITW,
Mind2Web, and GUI-Odyssey. (ii) The Round-1 RL stage
then conducts in the reflection scenario to perform error-
aware cognitive correction. We synthesize 15k tailored guid-
ance from hard samples to construct the reflection templates.
(zi7) Finally, the Round-2 RL stage employs our TMTS to
enhance the GUI agent’s screen detail perception and knowl-
edge integration. We sample 15k grounding data from OS-
Atlas and 15k instances from the pre-collected hard samples.

*Keeping the same instruction as when obtaining D, and the
output O3 ; only includes A} ; and C; ;.
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Figure 2: Short-term memory emergence and reasoning en-
hancement through HAR framework.

Benchmarks. We extensively evaluate the proposed HAR-
GUI-3B on three types of widely used GUI-related bench-
marks, () GUI episodic reasoning benchmarks include
AITW (Rawles et al. 2023), Mind2Web (Deng et al. 2023),
GUI-Odyssey (Lu et al. 2024a), and a manually collected
in-house data for OOD evaluation, (i) GUI grounding
benchmarks include ScreenSpot (Cheng et al. 2024) and
ScreenSpot-V2 (Li et al. 2025), and (ii7) GUI understand-
ing benchmarks include ScreenQA (QA) (Hsiao et al.
2022), ScreenQA Short (QAS) (Baechler et al. 2024), Com-
plex ScreenQA (CQA) (Baechler et al. 2024), WebSRC
(WS) (Chen et al. 2021), Screen2Words (S2W) (Wang et al.
2021), Taperception (TP) (Schoop et al. 2022) and Widget
Captioning (WC) (Li et al. 2020).

Implementation Details. Our HAR-GUI-3B is built upon
Qwen2.5-VL-3B-Instruct and is trained using the proposed
HAR framework. We train the warm-up SFT stage for 1
epoch with a learning rate of 5e-6 and a global batch size
of 256. For both Round-1 RL and Round-2 RL stages, we
train for 2 epochs with a learning rate of 2e-6 and a batch
size of 32. We set hyperparameters as 7y,;,=0.1, T;b5=40,
72 .=200, and v=0.2. LoRA with rank 64 and alpha 128 is
applied to the LLM and Vision Backbone, using AdamW
as optimizer. After training via the HAR framework, we
perform post-training (SFT) of HAR-GUI-3B on GUI un-
derstanding (Wang et al. 2025) and GUI episodic reason-
ing benchmarks individually with a learning rate of 2e-5
and batch size of 256, train each task for 4 epochs, and
record the best results. Baselines use the same training set-
tings as HAR-GUI-3B. Qwen2.5-VL-72B-Instruct serves as
the teacher model for all data synthesis. All experiments are
performed on 8 NVIDIA A100 80GB GPUs.



Method General Install G.Apps Single WebShop. Overall

OmniParser (Lu et al. 2024b) 483 578 516 774 52.9 57.7
SeeClick (Cheng et al. 2024) 540 664 549 635 57.6 59.3
UI-R1-3B (Lu et al. 2025) 543 636 586 682 54.9 59.9
InternVL2-8B (Chen et al. 2024b) 58.1 653 56.8 68.7 61.1 62.0
R-VLM (Park et al. 2025) 599 706 59.6 725 61.7 64.9
Qwen2.5-VL-3B (Bai et al. 2025) 612 69.8 629 708 62.4 65.4
GUI-R1-3B (Luo et al. 2025) 592 689 645 719 63.2 65.6
InfiGUI-R1-3B (Liu et al. 2025b) 62.6 723 664 72.3 64.9 67.7
ShowUTI (Lin et al. 2025) 635 723 660 723 65.8 68.3
MP-GUI (Wang et al. 2025) 637 743 653 754 67.2 69.2
HAR-GUI-3B 638 736 695 779 @ 66.1 70.2

Table 1: Performance comparison on AITW. The evaluation
metric used is step success rate (SSR).

Cross-Task  Cross-Website Cross-Domain

Method Acc. FT SSR Acc. FI SSR Acc. TT SSR

Mobile Desktop Web

Method Text Icon Text Icon Text Icon Avg.
MP-GUI (Wang et al. 2025) 86.8 659 70.8 564 583 46.6 64.1
UGround-7B (Gou et al. 2025) 82.8 60.3 825 63.6 804 704 733
ShowUI (Lin et al. 2025) 92.3 755 763 61.1 81.7 63.6 75.1
Qwen2.5-VL-7B (Bai et al. 2025) 93.8 72.5 87.6 65.7 88.7 70.4 79.8
UI-R1-3B (Lu et al. 2025) - - 902 593 852 733 -

GUI-R1-3B (Luo et al. 2025) - - 938 648 89.6 72.1 -
UI-TARS-2B (Qin et al. 2025) 93.0 755 943 68.6 843 748 823
OS-Atlas-7B (Wu et al. 2024) 93.0 729 91.8 629 909 743 825

HAR-GUI-3B 94.5 81.0 938 70.8 856 73.8 83.3

Table 4: Performance comparison on ScreenSpot.

Mobile  Desktop Web

Method Text Icon Text Icon Text Icon

OmniParser (Lu et al. 2024b) 424 87.6 39.4 41.0 84.8 36.5 45.5 85.7 42.0

OS-Atlas-4B (Wu et al. 2024) 87.2 59.7 72.7 46.4 859 63.1 71.9

ShowUI (Lin et al. 2025) 39.7 88.0 36.9 41.0 83.6 34.2 389 853 34.1 GPT-4o + OS-Atlas-4B (Wu et al. 2024) 95.5 75.8 79.4 49.3 902 665 79.1
UI-R1-3B (Lu et al. 2025) 42.4 858 36.8 44.4 83.1 36.7 43.0 83.7 36.3 InternVL3-8B (Zhu et al. 2025) - - - - -~ 814
Qwen2.5-VL-3B (Bai et al. 2025) 42.0 87.9 39.0 45.5 84.6 37.6 43.2 84.9 37.9 Qwen2.5-VL-3B (Bai et al. 2025) 95.0 80.1 90.2 64.3 88.0 70.4 81.3
InfiGUI-R1-3B (Liu et al. 2025b) 41.9 86.5 37.2 42.7 84.9 37.7 43.6 83.1 382 0S-Atlas-7B (Wu et al. 2024) 952 758 90.7 63.6 90.6 77.3 84.1
GUI-RI-3B (Luoetal. 2025)  42.3 85.5 38.8 45.8 84.2 38.5 44.7 85.9 38.9 UI-TARS-2B (Qin et al. 2025) 952 79.1 90.7 68.6 90.6 77.3 84.7
MP-GUI (Wang et al. 2025) 421 89.0 38.1 39.4 87.1 32.9 37.6 87.4 33.7 UI-R1-3B (Lu et al. 2025) 96.2 84.3 923 63.6 892 754 854
HAR-GUI-3B 47.9 89.6 42.2 49.1 87.3 41.2 47.3 88.3 44.0 HAR-GUI-3B 96.5 81.0 95.4 76.5 88.8 78.8 86.2

Table 2: Performance comparison on Mind2Web. We report
element accuracy (Acc.), operation F1 (F1), and SSR.

4.2 Main Results

Overall Performance. We select AITW, Mind2Web and
GUI-Odyssey to evaluate the agentic performance of HAR-
GUI-3B. As shown in Tab.1, Tab.2, and Tab.3, HAR-GUI-
3B consistently surpasses the current advanced methods,
even those with far more parameters, e.g. MP-GUI (8B),
SeeClick (9.8B), and Qwen2.5-VL-7B. Under identical
training settings, it delivers substantial gains over the foun-
dational Qwen2.5-VL-3B. Further, when compared with
GUI agents that share the same MLLM architecture, e.g.,
UI-R1-3B, GUI-R1-3B and InfiGUI-R1-3B, HAR-GUI-3B
still leads by a clear margin. These results indicate that
our HAR framework effectively enables domain-specific
reasoning skills from hard samples in the constructed
reflection scenario, enabling reliable GUI automation.

Grounding. Grounding capability is crucial for GUI au-
tomation (Cheng et al. 2024), as it determines whether the
GUI agent can accurately execute click-based actions on the
screen. We compare the grounding performance of HAR-
GUI-3B and the current advanced methods on ScreenSpot
and ScreenSpot-V2. As shown in Tab.4 and Tab.5, HAR-

Method Tool Info. Shop. Media Social M.Apps Overall

GPT-40 (Hurst et al. 2024) 20.81 16.28 31.91 15.38 21.28 16.67 20.39
Qwen2.5-VL-3B (Bai et al. 2025) 53.86 43.44 43.01 44.74 45.05 4572 46.14
UI-R1-3B (Lu et al. 2025) 55.03 43.81 43.69 45.17 47.09 4546 46.71
GUI-R1-3B (Luo et al. 2025) 57.46 44.87 44.71 46.67 4942 4697 48.35
InfiGUI-R1-3B (Liu et al. 2025b) 60.60 46.62 45.19 47.44 53.48 50.38 50.62

74.62 58.53 51.32 62.19 65.51 61.70 62.31

HAR-GUI-3B

Table 5: Performance comparison on ScreenSpot-V2.

GUI-3B delivers the leading results. We attribute this reli-
able screen grounding performance to the TMTS (Sect.3.3)
used in Round-2 RL training stage®. The mixture of the
grounding task further enhances the GUI agent in screen
detail perception and GUI knowledge acquisition.

OOD Evaluation. To evaluate the OOD generalization of
current SOTA methods, we develop a challenging Chinese
mobile automation benchmark (Tab.7). We manually collect
and annotate 415 tasks from Alipay mini programs (CLICK-
only action space). As reported in Tab.6, HAR-GUI-3B sig-
nificantly outperforms other advanced methods with com-
parable parameter sizes. This remarkable performance
mainly stems from its stable short-term memory and its
reliable screen perception capability.

GUI Understanding. In this part, we compare the basic
GUI understanding effect of HAR-GUI-3B. We select the
comprehensive benchmarks collected by MP-GUI, which
include screen analysis (WC and TP), screen question-
answering (QA, CQA, QAS, and WS) and screen summa-
rization (S2W). In Tab.8, HAR-GUI-3B outperforms ad-
vanced methods on most GUI-oriented tasks with fewer pa-
rameters. Compared to the foundational Qwen2.5-VL-3B,
our HAR-GUI-3B shows an overall gain of 3.07 points with
the same training settings. Compared with methods with
larger parameters, HAR-GUI-3B is still competitive. In par-
ticular, our method surpasses the current SOTA GUI-specific
method MP-GUI (8B) on S2W, WS, QA and QAS bench-
marks, and UI-TARS-1.5-7B on S2W and TP benchmarks.
Such results demonstrate that HAR-GUI-3B can implic-
itly learn multi-grained screen knowledge through error-
aware cognitive correction and tailored training recipe.

Table 3: Performance on GUI-Odyssey. The metric is SSR.
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3We find integrating the grounding task into episodic reasoning
improves both tasks compared with training them sequentially.



Method Takeout Repast Finance Insurance
SSR SR SSR SR SSR SR SSR SR

Qwen2.5-VL-72B (Bai et al. 2025) 80.60 17.65 85.02 2056 8691 5743 6998 21.78
Gemini-2.5-Pro (Gemini Team 2025) 71.96 4.76 68.83 6.74 48.81 5.62 57.83 10.23
UI-TARS-7B-DPO (Qin et al. 2025) 37.65 0.00 39.47 0.00 70.80  48.80  36.84 11.54
MiMo-VL-7B-RL (Team et al. 2025) 56.74 0.98 64.24 3.74 7341 3564 6421 14.85
Qwen2.5-VL-7B (Bai et al. 2025) 46.27 0.00 69.26 3.74 59.71 2079  56.66  16.83
GUI-R1-3B (Luo et al. 2025) 71.21 10.7 70.49 5.71 69.99 3001 63.60 14.78
UI-R1-3B (Lu et al. 2025) 59.60 1.00 67.31 4.76 61.15 19.80  58.63 9.90
Qwen2.5-VL-3B (Bai et al. 2025) 51.21 0.00 62.01 0.00 57.08 18.19  50.51 8.24
InfiGUI-R1-3B (Liu et al. 2025b) 61.90 0.00 69.11 3.99 51.74 8.77 45.69 7.55
HAR-GUI-3B 8276 2430 77.69 1176 76,50 3560  69.19  21.78

Table 6: Zero-Shot comparison in OOD scenarios. We report SSR and episode-wise success rate (SR).

Takeout ‘ Repast
#Tasks #Steps Avg. Steps | #Tasks #Steps Avg. Steps
103 1,031 10.11 108 1,015 9.49
Finance Insurance
#Tasks #Steps Avg. Steps | #Tasks #Steps Avg. Steps
102 489 4.82 102 503 4.98

Table 7: In-house GUI episode data statistics cover 4 cate-
gories of widely used Chinese mobile app scenarios.

Mind2Web

ScreenSpo
) 3

30.2
B Mgrpo M Myar-cur

Mg
M?U(ZT”L*'LL[)

ME,
( YRPO
MGrpo MST W Mg cur

Figure 3: Effectiveness of HAR framework. Mg is
Qwen2.5-VL-3B-Instruct zero-shot results. Mgrpo refers
to the method keeping the same settings as MpgarGur,
but excluding the reflection scenario (using the inference-
format instruction), MAR, and TMTS. MIQDT, Mé’,@o and

ML our are the post-training results on each benchmark
for Mgy, Mgrpo and Mpagr.cur, respectively. Compared
with Mgrpo, MErpo mandates that the agent focuses on
history context of the episode in the instructions.

4.3 Ablation Study

We conduct an ablation study to validate our HAR frame-
work. Starting from M,,4m.4p, we tune GUI agents with
the HAR framework to produce M gag.gur and with vanilla
GRPO* to yield Mgrpo and Mzp,. We then compare their
screen grounding on ScreenSpot and episodic reasoning on
AITW and Mind2Web. Further, we keep the same settings to
conduct post-training on AITW and Mind2Web using My,
Mrro and Mpyag.cur as initial checkpoints to verify the
generalizability of our method.

Fig.3 illustrates that: (f) A comparison of Mggpo and
M yarm-up On ScreenSpot reveals that training solely with
episodic reasoning weakens the agent’s grounding capa-

“Without (w/o) reflection scenario, MAR, and TMTS.

Method WC S2W TP WS QA QAS CQA
Llama 3.2-V (11B) (Meta A1 2024) 113.6 108.8 83.4 87.0 88.4 91.6 74.6
CogAgent (18B) (Hong et al. 2024) 136.2 115.0 88.4 63.1 853 746 65.1
UI-TARS-2B-SFT (Qin et al. 2025) 125.8 115.0 80.5 88.5 86.2 90.1 80.3
InternVL2 (8B) (Chen et al. 2024b) 140.6 115.2 86.7 89.7 84.2 89.2 824
InfiGUI-R1-3B (Liu et al. 2025b) 1424 1169 852 91.4 88.1 864 77.6
GUI-R1-3B (Luo et al. 2025) 141.7 117.5 849 922 883 872 79.0
Qwen2.5-VL-3B (Bai et al. 2025)  133.3 117.9 86.5 90.1 874 90.3 79.6
MP-GUI (8B) (Wang et al. 2025) 151.0 1184 882 89.2 88.6 90.5 84.3
UI-TARS-1.5-7B (Qin et al. 2025)  147.4 118.7 87.1 94.1 89.5 912 82.1
HAR-GUI-3B 1439 119.1 87.5 93.5 89.5 91.0 82.1

Table 8: Performance comparison on GUI understanding
benchmarks. We employ CIDEr scores to assess WC and
S2W, SQuAD F1 scores for QAS, CQA and WS, ROUGE-
L scores for QA, and F1 values for TP.

bility, whereas our TMTS mitigates this degradation. (if)
Comparing M §gp, and Mggpo, it is evident that a prompt-
constrained focus on historical context can lead to per-
formance degradation. We argue that the agent’s reason-
ing mode should not be constrained, but autonomously
shaped and adapted during self-evolution. (iii) On AITW
and Mind2Web, Mpgag.gur outperforms Mgrpo, and in
identical post-training settings, MZ% 2y o, surpasses both
MEE, and /\/lIQD T'. These results demonstrate the effective-
ness of our HAR framework. Further, we observed that both
Mrro and MEgp, still exhibit weak short-term memory
after RL training using the inference-format instruction. In
contrast, the emerging history-aware and rigorous reasoning
mode of Mpyag.gur is driven by the HAR framework, pri-
marily via tailored guidance synthesis, cognitive correc-
tion in the reflection scenario, and MAR.

5 Conclusion

We propose the HAR framework to enhance the reasoning
of GUI agents via reflective training, especially equipping
the agent with stable short-term memory for episodic rea-
soning. The framework consists mainly of constructing a
reflective learning scenario, synthesizing tailored correction
guidelines, and designing a hybrid RL reward function. Via
HAR, we develop a native model HAR-GUI-3B, which in-
tegrates reliable performance to handle GUI-oriented tasks.
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