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Abstract. Vision-Language Models (VLMs) enable autonomous GUI
navigation, but agents still struggle to process and learn from dense,
continuous visual histories. This bottleneck hinders both immediate error
correction within a single episode (intra-trial) and experience distilla-
tion across multiple attempts (cross-trial). We trace these challenges to
an empirical informational asymmetry in GUI navigation: while expected
transitions can often be compressed into lightweight textual summaries,
unexpected outcomes benefit from preserved screenshots as causal evi-
dence for accurate diagnosis. Building on this insight, we propose An-
chorGUI, a unified framework driven by the Cognitive State Anchor
(CSA). The CSA acts as a per-step primitive that actively compares
expected and observed transitions, converting passive multimodal tra-
jectories into explicit prediction-error signals. These signals orchestrate
a dual-scale learning mechanism via an asymmetric memory. For
intra-trial correction, a sliding window selectively retains visual evidence
for detected mismatches, providing immediate, visually-grounded feed-
back. For cross-trial distillation, this asymmetric memory focuses the
computationally expensive credit assignment search space on likely fail-
ure steps. Experiments across four benchmarks validate the effectiveness
of our approach. On AndroidWorld, AnchorGUI achieves a 57.3% success
rate with a 2.4× token reduction per step. Furthermore, cross-trial distil-
lation reaches 69.2% success (+11.9% gain), significantly outperforming
standard reflection methods while maintaining sub-linear context scaling.

Keywords: GUI Navigation · Vision-Language Models · Multimodal
Agents · Asymmetric Memory

1 Introduction

Graphical User Interface (GUI) navigation requires autonomous agents to per-
ceive visual interfaces and execute actions to accomplish user-specified goals [17,
27,37]. This capability underpins a wide range of applications, from automated
software testing to intelligent personal assistants [12, 40]. Recent advances in
Vision-Language Models (VLMs) [2,6,8] have substantially expanded the poten-
tial of such agents, enabling them to navigate complex visual environments [24,
⋆ Corresponding author.
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Fig. 1: Comparison of existing GUI agents and AnchorGUI. (a) Existing meth-
ods indiscriminately compress visual histories, discarding critical visual evidence of un-
expected states. This causes agents to lose failure signals and repeat the same mistakes
across trials. (b) AnchorGUI introduces Cognitive State Anchors (CSA) to explicitly
compare expected versus observed transitions. By selectively retaining original screen-
shots for mismatched steps while compressing matched ones, it builds an asymmetric
memory that enables efficient intra-trial correction and cross-trial distillation while
avoiding multimodal token explosion.

38]. However, as illustrated in Figure 1, existing GUI agents face a significant
bottleneck in effectively processing and learning from dense, continuous
visual interaction histories, both within a single episode (intra-trial) and
across multiple attempts (cross-trial).

Currently, most existing GUI agents prioritize intra-trial decision-making,
predicting the next action based on accumulated interaction history [33,34]. To
mitigate multimodal token explosion, recent methods [14, 18, 29, 30] typically
resort to aggressive truncation or the compression of visual histories into tex-
tual summaries. However, this indiscriminate compression treats successful and
failed actions identically, discarding error signals essential for behavioral correc-
tion [13,31] and preventing agents from recognizing and learning from their own
mistakes. For instance, as shown in Figure 1, consider an agent searching for a
video that becomes stuck on a “Welcome to Chrome” setup screen. If the visual
evidence of this unexpected state is compressed into a generic representation in-
distinguishable from a normal search interface, the agent may repeatedly press
“Back” and relaunch the app, trapped in a loop it cannot recognize or escape.

In practice, human users naturally overcome such deadlocks through cross-
trial learning, distilling experience from past failures to ensure future success.
While global reflection mechanisms have proven effective in text-based environ-
ments [20, 21, 35], applying them to visually grounded GUI tasks introduces a
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severe credit assignment bottleneck. Unlike discrete text sequences, GUI trajecto-
ries consist of high-dimensional visual observations that often obscure the causal
chain between actions and outcomes. Pinpointing the specific action responsible
for a failure among dozens of visually similar steps is conceptually intractable
and computationally expensive. Consequently, agents struggle to extract action-
able insights from failures, even after multiple attempts.

These challenges in both intra-trial and cross-trial learning share a common
root: the lack of a principled mechanism to distinguish which steps benefit from
visual evidence and which can be abstracted. Our experiments reveal an empir-
ical informational asymmetry in GUI navigation: the representational require-
ment of a step depends on whether the observed outcome aligns with the agent’s
expectations. When an action yields an anticipated visual transition (e.g ., a
menu opening as expected), the state change can be effectively encapsulated by
a lightweight textual summary. Conversely, when the observation deviates from
expectation, this mismatch signals a breakdown in causal understanding. In such
cases, textual abstraction may be insufficient to capture the complex dependency
between the initial visual state and the failed action; the original screenshot can
be retained as causal evidence for accurate diagnosis. This asymmetry can be
used to address both challenges: for intra-trial learning, retaining visual evidence
of mismatches enables immediate error correction; for cross-trial learning, it al-
lows the agent to precisely locate failure-inducing actions, effectively bounding
the search space for credit assignment.

Building on this insight, we propose AnchorGUI, a unified framework that
addresses both intra-trial and cross-trial learning through a single architectural
principle. At its core, AnchorGUI introduces the Cognitive State Anchor
(CSA), a per-step structured representation comprising an Expected Transi-
tion, an Observed Transition, and a binary Verdict indicating their alignment.
The CSA anchors agent attention to specific states responsible for errors, pre-
venting them from being lost in the stream of visual observations. Rather than
passively recording trajectories, CSA actively compares pre-action expectations
against post-action visual realities, converting dense multimodal streams into
explicit prediction-error signals. These signals then orchestrate a dual-scale
learning mechanism. For intra-trial correction, a sliding window maintains re-
cent steps with their CSAs, selectively retaining visual observations for detected
mismatches to provide immediate, visually-grounded feedback. For cross-trial
distillation, this asymmetric memory aggregates across the entire episode, con-
densing expectation-consistent steps into text while preserving visual evidence
primarily for detected mismatches. By exploiting informational asymmetry, An-
chorGUI focuses the credit assignment search space on detected mismatches,
enabling efficient experience extraction while drastically reducing multimodal
token consumption at both temporal scales.

Our contributions are summarized as follows: (1) We identify the principle of
informational asymmetry in GUI navigation, which provides a principled ba-
sis for selective visual retention based on expectation alignment. (2) We propose
AnchorGUI, a unified framework with CSA module, which actively contrasts
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expectations with observations to selectively retain visual evidence during com-
pression. (3) We propose an asymmetric memory for both intra-trial correc-
tion and cross-trial distillation, which focuses credit assignment on detected
mismatches. (4) Experiments on four benchmarks demonstrate AnchorGUI’s ef-
fectiveness: it achieves a 57.3% success rate on AndroidWorld with 2.4× lower
token cost (single-trial), and improves to 69.2% (+11.9%) via asymmetric dis-
tillation (cross-trial), outperforming standard reflection methods.

2 Related Work

2.1 History Management in GUI Navigation

Long-horizon GUI navigation requires agents to condition decisions on extended
interaction histories under dynamically evolving UI states [19, 32]. To manage
growing context, existing methods adopt three strategies: (i) context trunca-
tion [18], which discards early steps entirely; (ii) periodic summarization [5,30],
which compresses trajectories into text; and (iii) hierarchical planning [1, 25,
26, 36], which decomposes tasks into subgoals to reduce the effective reasoning
horizon. While these approaches mitigate token overhead, they share a common
limitation: visual histories are primarily treated as passive context for next-step
prediction, often discarding the fine-grained visual evidence required for diagnos-
ing why a specific action failed. This loss of causal information severely hinders
both immediate error correction and cross-trial knowledge transfer.

2.2 Step-Level Verification in GUI Agents

Recent work introduces step-level verification or feedback mechanisms to im-
prove action reliability. GUI-Critic [28] employs a pre-execution critic to pre-
dict action outcomes, while MobileUse [10] and Mobile-Agent-v3 [36] integrates
post-execution validation. These methods enable local error correction within a
single trial. However, the verification signal is typically consumed immediately
and then discarded, rarely being preserved or aggregated for future attempts.
Consequently, an agent that encounters an unexpected pop-up in trial k has
no mechanism to explicitly recall this experience in trial k + 1, forcing it to
re-discover the same solution from scratch.

2.3 Cross-Trial Learning in Agents

Reflexion [20] demonstrates that verbal self-reflection enables effective cross-
trial learning in text-based environments [21, 35]. However, directly applying
this paradigm to GUI navigation introduces a multimodal reasoning challenge.
Retaining full visual trajectories for cross-trial reasoning causes context col-
lapse: the VLM must locate failure causes within an overwhelming volume of
largely irrelevant screenshots, diluting attention and degrading credit assign-
ment. Naïvely combining step-level verification with cross-trial reflection does
not resolve this—reasoning still spans entire visual histories. The core challenge
is to preserve only causal visual evidence while discarding redundant frames.
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Fig. 2: Overview of AnchorGUI. At each step, the policy predicts an action to-
gether with an expected transition. After execution, the evaluator compares the ex-
pected transition with the observed GUI change and produces a Cognitive State An-
chor (CSA). CSAs drive dual-scale learning: (Top) intra-trial correction via asymmet-
ric memory updates, where mismatched steps retain visual observations while matched
steps keep only text records within a sliding window, enabling efficient in-context cor-
rection; and (Bottom) cross-trial distillation that converts asymmetric memory into
reusable experience when a trial fails, bounding the credit assignment search space.

3 Methodology

In this section, we present AnchorGUI, a unified framework designed to empower
agents to effectively process and learn from dense, continuous visual interaction
histories (see Figure 2). While existing agents often struggle with the inher-
ent high-dimensionality of GUI trajectories, AnchorGUI introduces a principled
mechanism to distinguish and retain critical visual evidence. We first formulate
the visually-grounded decision process (Sec. 3.1). We then introduce the Cogni-
tive State Anchor (CSA), a structured representation that operationalizes the
informational asymmetry between expected and observed transitions (Sec. 3.2).
Finally, we detail how this design drives a dual-scale learning mechanism, en-
abling efficient intra-trial correction and cross-trial distillation without suffering
from multimodal token explosion or intractable credit assignment (Sec. 3.3).

3.1 Problem Formulation

We define GUI navigation as a visually grounded Markov Decision Process
(MDP) [23], formalized by the tuple

M = ⟨O,A, T , G⟩, (1)

where O denotes the observation space, A the action space, T the environment
transition function, and G a natural language goal describing the target task.
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At each step t, the agent receives a visual observation

ot ∈ O = RH×W×3, (2)

corresponding to the current GUI screenshot. Let Ht denote the interaction
history up to step t. Conditioned on the goal G and history Ht, the policy πθ
predicts an action

at ∼ πθ(a | G, ot,Ht), at ∈ A. (3)

Following prior conventions [18], the action space A consists of predefined
primitive GUI operations, including click, swipe, type, and terminate. Spatial
actions are parameterized by continuous 2D coordinates (x, y) defined on the
visual observation ot. After executing action at, the environment transitions to
the next observation according to

ot+1 ∼ T (ot, at), (4)

where T captures stochastic GUI dynamics such as rendering delays, animation
transitions, or unexpected pop-ups. The episode terminates when the agent se-
lects the terminate action or when a predefined maximum horizon T is reached.

3.2 Cognitive State Anchor: Bridging Expectation and Observation

To enable reliable credit assignment without indiscriminate compression, we in-
troduce the Cognitive State Anchor (CSA). CSA acts as a principled interface be-
tween dense multimodal trajectories and reusable knowledge by explicitly mod-
eling the alignment between the agent’s internal belief and actual environment
dynamics. It converts passive interaction histories into explicit prediction-error
signals, forming the computational primitive for our framework.

AnchorGUI uses a single Vision-Language Model (VLM), parameterized by
θ, with role-specific prompts for the policy (πθ), evaluator (ϕθ), and distiller
(ψθ). At step t, CSA is defined as:

CSAt = ⟨∆̂t, ∆t, Vt⟩. (5)

Expected Transition (∆̂t). Before execution, the policy role πθ jointly
predicts the spatial action and its anticipated visual effect:

(at, ∆̂t) = πθ(G, ot,Ht), (6)

where ∆̂t is formulated as a concise textual description (e.g., “The ’Login’ button
will disappear, and the home feed will load ”).

Observed Transition and Verdict (∆t, Vt). Upon reaching ot+1, the eval-
uator role ϕθ compares the pre-action expectation against the post-action reality:

(∆t, Vt) = ϕθ(∆̂t, ot, ot+1), (7)

where ∆t describes the actual UI change, and Vt ∈ {0, 1} is a binary verdict indi-
cating expectation alignment (1 for expectation-consistent, 0 for mismatch). To
capture fine-grained visual differences, ot and ot+1 are fed to ϕθ as a temporally
ordered image sequence.
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3.3 Dual-Scale Learning via Asymmetric Memory

Building upon these prediction-error signals, CSA drives the agent’s learning
cycle across two complementary temporal scales, exploiting informational asym-
metry to optimize both intra-trial correction and cross-trial transfer.

Intra-Trial: Immediate Correction via Selective Visual Retention CSAs
guide single-trial behavioral correction through in-context learning [3]. To
support immediate error diagnosis under a bounded context, we apply an asym-
metric retention strategy using a sliding window k.

For recent steps (t−k ≤ i < t), we selectively retain visual observations based
on the verdict Vi, preserving screenshots for detected expectation mismatches:

Hrecent =

t−1⊕
i=t−k

{
⟨oi, ai, CSAi⟩ if Vi = 0,

⟨ai, CSAi⟩ if Vi = 1,
(8)

where
⊕

denotes temporal concatenation. By explicitly including Vi in the
prompt context, the policy πθ learns to dynamically adjust its behavior: steps
with Vi = 0 retain their visual context (oi) to act as immediate, visually-
grounded causal evidence for errors, while steps with Vi = 1 drop redundant
images to save tokens, reinforcing successful local strategies purely via text.

For earlier steps (i < t− k), retaining images is computationally prohibitive.
We thus aggressively compress them into a lightweight textual sequence of ob-
served transitions: Hold =

⊕t−k−1
i=0 ⟨∆i⟩. The final effective context is constructed

as Ht = Hold ⊕ Hrecent. This asymmetric sliding window reduces multimodal
context overhead from O(T ) to O(|{i ∈ [t− k, t) : Vi = 0}|), supporting scalable
reasoning across longer horizons.

Cross-Trial: Distillation and Bounded Credit Assignment Upon trial
completion, the agent distills reusable strategies (e.g., handling specific pop-ups)
for future attempts. Let τ (k) denote the k-th trial, spanning Tk steps. Extend-
ing the selective retention strategy to the episode level, we construct a global
Asymmetric Memory H(k)

asym that aggregates the entire trial:

H(k)
asym =

Tk⊕
i=0

{
⟨oi, ai, CSAi⟩ if Vi = 0,

⟨ai, CSAi⟩ if Vi = 1.
(9)

As established, the informational asymmetry in GUI navigation motivates
that successful actions (Vi = 1) can often be abstracted into text, whereas failed
actions (Vi = 0) benefit from the original visual state (oi) to resolve causal
ambiguity. By localizing negative verdicts, this asymmetric memory explicitly
bounds the temporal search space for credit assignment. It reduces the multi-
modal reasoning complexity for the distiller from the full trajectory length O(T )
to the detected subset of mismatched steps O(|{i : Vi = 0}|), mitigating the
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combinatorial ambiguity inherent in global reflection. The distiller role ψθ then
processes this asymmetric memory to synthesize experience:

X (k) = ψθ(H(k)
asym). (10)

Rather than naïvely concatenating past reflections, X (k) acts as an itera-
tively updated experience bank, formatted as a concise set of natural language
strategic rules (e.g., “If a pop-up blocks the screen, click the ’X’ at the top right
before proceeding”). In the next trial τ (k+1), the policy integrates this distilled
experience to predict the next action, equipping πθ with explicit strategies to
avoid repeating past visual mistakes:

(at, ∆̂t) = πθ(G,X (k), ot,Ht). (11)

4 Experiments

4.1 Experimental Setup

Benchmarks. We evaluate AnchorGUI across four GUI navigation benchmarks.
To assess intra-trial reasoning and immediate error correction, we employ three
offline datasets: AITZ [39], Android-Control-High [11], and GUI-Odyssey [15]. To
evaluate cross-trial distillation, we conduct multi-trial experiments on Android-
World [19], a dynamic benchmark that supports iterative agent-environment
interactions across diverse tasks and applications.

Metrics. For AITZ, Android-Control-High, and GUI-Odyssey, we report Type
Match (TM), measuring whether the predicted action category aligns with the
ground truth, and Exact Match (EM), which additionally requires all action
parameters to be correct. For AndroidWorld, we report Success Rate (SR). In
cross-trial evaluations, SR@K denotes the cumulative success rate achieved by
the K-th attempt across multiple interaction trials

Compared Methods. We compare against methods spanning two complementary
dimensions. Intra-trial baselines operate in single-attempt settings, including:
(1) fine-tuning methods: OS-Genesis [22], Aguvis [33], OdysseyAgent [15], UI-
TARS [18], GUI-Critic [28], UGround [7], Aria-UI [34], and Agent-S2 [1]; (2) zero-
shot prompting methods: ReAct [35], ReSum [30], Truncation [18], M3A [19],
Self-Reflection [16], Mobile-Agent-v3 [36], and Chain-of-Memory [5]. Cross-trial
strategies distill experience across multiple attempts; we evaluate Reflexion [20]
and Episodic Memory [20], pairing each with different intra-trial backbones to
isolate their individual contributions (Table 3). Detailed baseline descriptions
are provided in the Supplementary Material.

Implementation Details. We adopt Qwen3-VL-8B [2] as the primary vision-
language backbone model. We set the intra-trial sliding window size to k=2
and the maximum number of cross-trial attempts to K=3. All experiments are
conducted with 3 different random seeds; we report the mean performance across
runs. Complete hyperparameters and implementation details are provided in the
Supplementary Material. The source code will be released upon publication.
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Table 1: Performance comparison on offline GUI navigation benchmarks. All methods
operate in single-trial setting. TM: Type Match; EM: Exact Match.

Method Model AITZ Android-Control GUI-Odyssey

TM (%) EM (%) TM (%) EM (%) TM (%) EM (%)

Fine-tuning Methods
OS-Genesis [22] OS-Genesis-7B 20.0 8.45 65.9 44.4 11.7 3.63
Aguvis [33] Aguvis-7B 35.7 19.0 65.6 54.2 26.7 13.5
OdysseyAgent [15] OdysseyAgent 59.2 31.6 58.8 32.7 90.8 73.7
UI-TARS [18] UI-TARS-7B 71.7 55.3 68.5 60.8 78.8 57.3

Zero-shot Methods
GPT-4o [8] GPT-4o 70.0 35.3 63.1 30.9 37.5 14.2
ReAct [35] Qwen3-VL-8B 71.4 57.5 71.8 70.0 75.4 58.9
ReSum [30] Qwen3-VL-8B 69.9 51.9 72.3 70.5 76.5 54.3
Truncation [18] Qwen3-VL-8B 71.0 56.7 72.0 70.5 78.3 60.3
Self-Reflection [16] Qwen3-VL-8B 73.9 58.0 71.9 70.3 80.1 60.7
AnchorGUI (Ours) Qwen3-VL-8B 75.2 59.1 74.6 73.0 80.6 60.6

4.2 Main Results

Intra-Trial Correction on Offline Benchmarks. AnchorGUI demonstrates strong
zero-shot performance in static environments by explicitly preserving visual
causal evidence through asymmetric retention. As shown in Table 1, compared to
full-history baselines such as ReAct, our method achieves higher performance on
the AITZ dataset (+3.8% in TM and +1.6% in EM), suggesting that selective vi-
sual retention effectively avoids the attention dilution caused by blindly stacking
historical steps. Furthermore, on the Android-Control benchmark, AnchorGUI
surpasses text-compression baselines like ReSum by +2.3% in TM and +2.5% in
EM. This trend implies that compressing post-action states into text discards the
fine-grained visual evidence necessary to diagnose complex UI failures, whereas
the comparative mechanism of the CSA retains this critical visual grounding.
Compared to Truncation, which discards history indiscriminately, the verdict-
driven retention of AnchorGUI presents a more principled strategy, as arbitrary
truncation wastes tokens on successful transitions and risks losing critical causal
failure frames. While the fine-tuned OdysseyAgent achieves higher scores on the
GUI-Odyssey benchmark due to domain-specific training, AnchorGUI maintains
competitive cross-domain adaptability as a zero-shot method without requiring
task-specific weight updates.

Intra-Trial Performance on AndroidWorld. In the dynamic AndroidWorld envi-
ronment, the single-attempt success rate of AnchorGUI surpasses both standard
single-agent baselines and complex multi-agent frameworks. As shown in Table 2,
AnchorGUI achieves an SR@1 of 57.3%, outperforming engineered systems such
as Mobile-Agent-v3 (55.2%) and Chain-of-Memory (46.8%). This outcome indi-
cates that a single binary verdict is sufficient to align expectations throughout the
decision process, bypassing the coordination overhead of multi-agent pipelines or
the multi-stage procedures required to maintain short-term and long-term mem-
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Table 2: Single-trial performance on AndroidWorld. SR: Success Rate.

Method Model SR (%)

Fine-tuning Methods
GUI-Critic [28] GPT-4o + GUI-Critic-R1 29.4
UGround [7] GPT-4o + UGround 32.8
Aguvis [33] GPT-4o + Aguvis-7B 37.1
Aria-UI [34] GPT-4o + Aria-UI 44.8
UI-TARS [18] UI-TARS-72B-SFT 46.6
Agent-S2 [1] Claude-3.7-Sonnet + UI-TARS-72B-DPO 54.3

Zero-shot Methods
GPT-4o [8] GPT-4o 34.5
AndroidGen [9] GPT-4o 46.8
MobileUse [10] Qwen2.5-VL-7B 21.6
MobileUse [10] Qwen2.5-VL-32B 44.4
ReAct [35] Qwen3-VL-8B 43.7
ReSum [30] Qwen3-VL-8B 45.6
Truncation [18] Qwen3-VL-8B 44.7
Self-Reflection [16] Qwen3-VL-8B 47.7
M3A [19] Qwen3-VL-8B 39.8
Mobile-Agent-v3 [36] Qwen3-VL-8B 55.2
Chain-of-Memory [5] Qwen3-VL-8B 46.8
AnchorGUI (Ours) Qwen3-VL-8B 57.3

ory. From an efficiency perspective, AnchorGUI not only improves the SR@1 of
the identically backed ReAct baseline by +13.6% but also effectively mitigates
multimodal token explosion by reducing intra-trial consumption by a factor of
2.4 per step. This dual advantage suggests that the asymmetric memory mech-
anism successfully removes redundant images from successful steps, enabling a
lightweight 8B model to maintain a high signal-to-noise ratio and outperform
more complex architectures.

Cross-Trial Distillation Results. AnchorGUI exhibits consistent cross-trial im-
provement, which appears strongly correlated with its controlled treatment of
the multimodal credit assignment problem. As detailed in Table 3, our approach
reaches an SR@3 of 69.2% with an absolute learning gain of +11.9%, establishing
a final performance margin of +14.0% over ReAct + Reflexion (55.2% SR@3).
The significance of this gain is amplified when considering the principle of di-
minishing returns; achieving a +11.9% improvement from a high initial SR@1
of 57.3% represents a steeper learning curve than the +11.5% gain Reflexion
achieves from a much lower 43.7% starting point. Furthermore, AnchorGUI ac-
complishes this with a cross-trial distillation cost of only 24.4k tokens, compared
to roughly 60k tokens required by Reflexion-style baselines. The performance
plateau of the baselines suggests a severe credit assignment bottleneck caused
by unbounded search spaces that dilute attention across full trajectories. By fil-
tering out successful frames, AnchorGUI biases the model toward failure-related
signals, enabling efficient, low-cost rule extraction.
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Table 3: Cross-trial learning performance and token efficiency on AndroidWorld. We
compare system-level baselines with controlled ablations using different distillation
strategies. Intra tokens: average per-step cost including policy generation and step-
level verification (e.g., evaluator for AnchorGUI, self-reflection for baseline methods).
Cross tokens: distillation cost per trial.

Method Success Rate (%) Tokens (Avg.)

SR@1 SR@2 SR@3 ∆
(T3-T1)

Intra
(/Step)

Cross
(/Trial)

Baseline intra-trial + various cross-trial strategies
ReAct + Episodic Memory 43.7 49.1 53.4 +9.74 91.4k -
ReAct + Reflexion 43.7 53.0 55.2 +11.5 32.7k 59.2k
Self-Reflection + Episodic Memory 47.7 51.6 54.2 +6.50 98.5k -
Self-Reflection + Reflexion 47.7 52.5 56.8 +9.13 38.1k 60.7k

AnchorGUI intra-trial + various cross-trial strategies
Memoryless Retry 57.3 61.2 62.9 +5.51 13.5k -
Episodic Memory 57.3 60.5 62.6 +5.29 78.9k -
Reflexion 57.3 63.1 64.4 +7.02 13.6k 66.5k
Asymmetric Distillation (Ours) 57.3 65.4 69.2 +11.9 13.7k 24.4k

Table 4: Ablation study on AndroidWorld. Each row incrementally adds one com-
ponent to validate its contribution. Intra tokens: per-step cost including policy and
verification. Cross tokens: per-trial distillation cost. †: memoryless retry without cross-
trial distillation.

Method / Component Added Success Rate (%) Tokens (Avg.)

SR@1 SR@2 SR@3 ∆
(T3-T1)

Intra
(/Step)

Cross
(/Trial)

Intra-Trial Configurations
(1) Baseline (ReAct) 43.7 50.9† 53.7† +10.0 32.4k -
(2) + Dual-Grained Memory with CSA 55.3 60.5† 63.0† +7.69 17.9k -
(3) + Asymmetric Window Retention 57.3 61.2† 62.9† +5.51 13.5k -

Cross-Trial Configurations
(4) + Cross-Trial Distillation 57.3 63.8 66.1 +8.74 13.9k 65.3k
(5) + Asymmetric Distillation (AnchorGUI) 57.3 65.4 69.2 +11.9 13.7k 24.4k

4.3 Ablation Studies

Component Ablation Studies. The progressive ablation in Table 4 examines how
the principle of informational asymmetry influences both performance and effi-
ciency across two temporal scales. At the intra-trial scale (Rows 1 to 3), intro-
ducing the explicit CSA and asymmetric retention improves the SR@1 to 57.3%
while simultaneously reducing the per-step token cost from 17.9k to 13.5k. At the
cross-trial scale (Rows 4 to 5), asymmetric distillation (Row 5) attains a higher
SR@3 (69.2%) than full visual distillation (Row 4, 66.1%) while consuming sub-
stantially fewer tokens. This comparison indicates that retaining the entire visual
history paradoxically weakens credit assignment by obscuring causally relevant
failure signals with a large volume of successful frames. Additionally, comparing
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the memoryless retry gains helps isolate the role of environmental stochasticity;
the smaller retry gain of Row 3 (+5.51%) compared to Row 1 (+10.0%) reflects
the compressed room for stochastic improvement given Row 3’s higher initial
success rate. Consequently, the +11.9% learning gain achieved by asymmetric
distillation (Row 5) implies that the model successfully extracts valid cross-trial
knowledge rather than merely benefiting from environmental stochasticity.

Efficacy of Asymmetric Visual Retention. To validate our core hypothesis re-
garding informational asymmetry, we compare three unified retention strategies
in Figure 3. The pure text retention strategy yields the lowest cross-trial perfor-
mance with a 62.1% success rate at the third attempt, suggesting that discarding
all visual history severs the causal chain necessary to diagnose complex UI fail-
ures. Conversely, the full visual retention strategy improves the success rate to
64.9% by preserving causal evidence, but it introduces significant visual noise by
treating all steps equally. The asymmetric visual retention strategy achieves the
steepest learning curve and the highest final success rate of 69.2%. This trend
shows that preserving visual evidence for detected mismatches filters redundant
successful transitions and anchors attention on failure signals.

Optimal Context Bounds in Intra-Trial Dynamics. Figure 4 illustrates the trade-
off in single-trial performance as the sliding window size varies. Setting the win-
dow to k = 2 with asymmetric retention yields the optimal immediate correction
capability with a 57.3% success rate. A minimal window of k = 1 drops perfor-
mance to 54.0%, indicating that overly extreme compression sacrifices the nec-
essary sequential context required to diagnose cascading UI errors. More impor-
tantly, expanding the window beyond k = 3 paradoxically degrades performance,
bottoming out at 49.6% for k = 8. This decline reveals that even with asymmet-
ric dropping, an excessively long temporal window accumulates historical noise
and dilutes the policy attention.
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4.4 Efficiency and Scalability

Pareto Optimality in Performance and Efficiency. Figure 5 plots the Pareto
frontier of task success rate versus total token cost per step, showing that An-
chorGUI occupies the optimal top-left quadrant with a 57.3% success rate at an
average cost of only 13.7k tokens. In contrast, standard uncompressed methods
like ReAct consume a prohibitive 91.4k tokens for a much lower 43.7% success
rate, and even engineered baselines like Mobile-Agent-v3 achieve 55.2% while
consuming 15.1k tokens. This demonstrates that the localized 7k token over-
head of the evaluator is more than offset by its ability to aggressively prune
redundant visual histories, making the overall system highly cost-effective.

Token Scaling with Task Horizon. A central property of AnchorGUI is that
its multimodal context complexity remains bounded by O(k), independent of
episode length O(T ). As shown in Figure 6, token consumption remains stable
as interaction steps increase; a standard trajectory accumulation approach such
as ReAct explodes linearly, reaching 105.3k tokens by step 30. In contrast, the
policy token consumption of AnchorGUI remains remarkably stable, growing
marginally from 4.5k tokens at step 1 to just 8.7k tokens at step 30. Even when
adding the fixed 7k token overhead from the evaluator, the total cost at step 30
remains tightly constrained to 15.7k tokens. This sub-linear scaling implies that
AnchorGUI effectively eliminates the multimodal token explosion bottleneck,
which is a fundamental prerequisite for deploying autonomous agents in long-
horizon navigation tasks.

4.5 Robustness and Generalization

Reliability of the Cognitive State Anchor. The efficacy of asymmetric memory de-
pends on the accuracy of the evaluator’s binary verdict. We manually annotated
535 interaction steps (see Supplementary Material for details). The zero-shot
evaluator achieves 99.2% precision and 94.1% recall. From a system perspective,
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Fig. 7: Strong-backbone generalization. (a) Intra-trial performance (SR@1) and
(b) cross-trial performance (SR@3) on AndroidWorld using GPT-5.4 Mini and Qwen3-
VL-32B. All results are three-run averages on a fixed half subset.1

the extremely low false positive rate (0.56%) ensures that critical visual evidence
of root failures is rarely discarded. The modest false negative rate (4.5%) incurs
only negligible token overhead by occasionally retaining redundant successful
frames, without affecting downstream causal reasoning. Overall, modern VLMs
can reliably act as automated judges of expectation alignment, providing a solid
foundation for asymmetric history orchestration.

Strong-Backbone Generalization. Figure 7 further evaluates GPT-5.4 Mini and
Qwen3-VL-32B as strong backbones. AnchorGUI improves SR@1 over ReAct
and Truncation for both, while asymmetric distillation yields the best SR@3,
indicating that CSA-driven asymmetric memory remains beneficial for both
stronger open-source and closed-source VLM settings.

5 Conclusion

In this paper, we propose AnchorGUI by identifying an empirical informa-
tional asymmetry, where expected transitions often compress into text while
unexpected mismatches benefit from original screenshots. At its core, the Cog-
nitive State Anchor (CSA) compares pre-action expectations with post-action
visual realities to generate explicit prediction-error signals. These signals drive
asymmetric visual memory for dual-scale learning: intra-trial, enabling imme-
diate error correction while mitigating multimodal token explosion; cross-trial,
focusing the computationally expensive credit assignment search space on de-
tected mismatches, allowing agents to efficiently distill insights from past failures.
Extensive experiments show that AnchorGUI significantly boosts success rates
and reduces token consumption, offering a principled and efficient framework for
multimodal GUI agents to process and learn from dense visual histories.
1 For GPT-5.4 Mini evaluation, we follow UI-Ins [4] by using GPT-5.4 Mini as the

planner and Qwen3-VL-8B for grounding localization.
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