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ABSTRACT

We study how to endow GUI agents with scalable memory that help generalize
across unfamiliar interfaces and long-horizon tasks. Prior GUI agents compress
past trajectories into text tokens, which balloons context length and misses decisive
visual cues (e.g., exact widget size and position). We propose a continuous memory
that encodes each GUI trajectory into a fixed-length sequence of continuous embed-
dings using the VLM itself as an encoder; these embeddings are plugged directly
into the backbone’s input layer, sharply reducing context cost while preserving
fine-grained visual information. As memory size and retrieval depth increase,
performance improves monotonically, unlike text memories that degrade with long
prompts. To grow memory at low cost, we introduce an auto-scaling data flywheel
that (i) discovers new environments via search, (ii) synthesizes tasks with an open-
source VLM, (iii) rolls out trajectories with the agent, and (iv) verifies success
with the same VLM. Using this pipeline, we collect 10k trajectories for about $500
and fine-tune only the memory encoder (LoRA on a Q-Former, 1.2% parameters)
with 1,500 samples. On real-world GUI benchmarks, our memory-augmented
agent consistently improves success rates under long horizons and distribution
shifts. Notably, Qwen-2.5-VL-7B + continuous memory achieves performance
comparable to state-of-the-art closed-source models (e.g., GPT-4o, Claude-4). Our
data and code will be publicly released.

1 INTRODUCTION

Recent advances in visual grounding and training techniques for vision–language models (VLMs)
(McKinzie et al., 2024; Wu et al., 2025) have catalyzed rapid progress in Graphical User Interface
(GUI) agents (Zhu et al., 2025; Team, 2025a). With appropriately designed frameworks and action
spaces, these agents can operate across websites, desktop software, and mobile apps to solve multi-
step planning tasks such as web search and online shopping. However, real-world tasks are often
more unpredictable and long-horizon. They demand robust generalization to unfamiliar visual layouts,
iconography, and unseen functionalities that require new knowledge. Existing GUI agents generally
perform not well under such distribution shifts (Li et al., 2024; Lu et al., 2025a), incurring repeated
retries or execution failures on complex plans. By contrast, humans exhibit strong robustness across
diverse GUIs. Through drawing on accumulated episodic experiences and encountered interface
states from human memory, we can easily learn to use new webs and apps, and accomplish novel
tasks (Tulving, 2002). Moreover, human memory is continually refreshed. We ingest information
from varied sources to retain potentially useful cues for future scenarios (O’Reilly et al., 2014).

As a promising path toward better generalization, recent work equips GUI agents with memories built
from collected GUI trajectories (Fang et al., 2025; Zhang et al., 2025). Each trajectory is a sequence
of screenshots and executed actions. Without compression, a single trajectory can span thousands,
sometimes hundreds of thousands of tokens, inflating inference cost and introducing irrelevant detail.
To control cost, prior systems typically compress trajectories into text-only discrete tokens. However,
text-based representations cannot faithfully capture crucial visual cues in GUI environments (e.g., the
precise size and position of clickable elements), which are often decisive for reliable execution.

To overcome these limitations, we encode GUI trajectories into compact, transferable continuous
embeddings. Concretely, following the paradigm that uses the VLM itself as the encoder (Wu
et al., 2025), we build a continuous memory collection in which each trajectory is compressed into a
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Figure 1: Experimental results to verify the effectiveness of our continuous memory in GUI agent
setting. (a) Performance scaling law with the memory size; (b) Performance scaling law with retrieved
sample number; (c) CoMEM outperforms closed-source state-of-the-art models across benchmarks.

fixed-length sequence of 8 embeddings. These condensed memories sharply reduce context length
while can preserve fine-grained visual cues. At inference, retrieved memory embeddings are injected
directly into the VLM’s embedding layer to plug in new knowledge. This model-friendly integration
alleviates the context-length bottleneck and supports scaling both the total memory size and the
number of in-context retrieved items. As shown in Figure 1, performance with continuous memory
improves monotonically as we scale memory size and retrieval depth, exhibiting a clear scaling trend,
whereas text-based memories degrade beyond roughly ten retrieved items due to ballooning sequence
length, increased attention overhead, and accumulated semantic noise during inference.

To capitalize on this scaling law, we seek to scale continuous memory by collecting far more GUI
trajectories. Yet high-quality traces are typically human-annotated, which are costly and hard to
scale up. We therefore propose an auto-scaling data flywheel that autonomously discovers new
environments, creates tasks, rolls out trajectories, and checks quality. Concretely, we first crawl
candidate websites or apps through the search engine, and then leverage an open-source VLM to
synthesize the task queries for the new environment. Next, we utilize the agent model to perform
plan-and-action to solve the synthetic task on the environment, and continue to use the VLM to check
if the task goal is achieved. In practice, we found that open-source VLMs’ planning and verification
capabilities are sufficient to maintain diversity and quality at scale. Thus, the whole data flywheel
only needs a search engine, a well-performed open-source VLM, and an agent model, which enables
continual and low-cost auto-scaling of a highly informative continuous memory for GUI agents.

Based on the data flywheel, we spend $553 to collect 15,145 GUI trajectories for building the
continuous memory, and utilize a very efficient fine-tuning paradigm that only optimizes the LoRA
(Hu et al., 2021) and Q-Former(Li et al., 2023) layer in the memory encoder using totally 1,500
training samples and 1.2% parameters. Extensive experiments demonstrate that our approach leads
to consistent improvements on real-world GUI benchmarks and also guarantees a relatively lower
inference cost, including long-horizon and distribution shifts scenarios. As shown in Figure 1,
Qwen-2.5-VL-7B (Yang et al., 2024) equipped with our memory method can achieve comparable
performance with state-of-the-art closed-source models (e.g., GPT-4o (OpenAI, 2024a) and Claude-
4(Anthropic, 2024)), and even significantly outperform them on the Webvoyager dataset.

In summary, the contributions of this paper are as follows:

• We introduce a continuous memory for GUI agents that encodes trajectories as compact,
plug-and-play embeddings for frozen VLM backbones, yielding monotonic gains as memory
size and retrieved items scale.

• We build an auto-scaling data flywheel that discovers environments, synthesizes tasks, rolls
out trajectories, and performs quality control to expand a diverse and high-quality memory
without human annotation.

• Extensive experiments on diverse GUI planning tasks show that memory-augmented agents
perform better than state-of-the-art models.
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2 RELATED WORK

GUI Agents. A wave of benchmarks has standardized evaluation for GUI agents: Mind2Web
(Deng et al., 2023) targets generalist web control across many real sites; WebArena (Zhou et al.,
2023) and VisualWebArena (Koh et al., 2024) add realistic, execution-based evaluation for text-only
and multimodal agents; OSWorld (Xie et al., 2024) scales to real operating systems and open-
ended desktop workflows and underscores agents’ current limitations in grounding and operational
knowledge; and GUIOdyssey (Lu et al., 2025a) aims for cross-app mobile GUI navigation. Across
benchmarks, modern GUI agents improve via better grounding (Li et al., 2025; Wu et al., 2024),
larger and more diverse training (Qin et al., 2025), and RL-style finetuning (Luo et al., 2025; Lu et al.,
2025b). Specifically, WebGPT (Nakano et al., 2022) fine-tunes an LLM to browse and cite sources
in a text-only environment; WebShop agents (Yao et al., 2022) that interleave reasoning with text
actions and have been applied to web tasks. Beyond DOM-centric pipelines, a parallel line focuses
on screenshot-based agents. SeeAct (Zheng et al., 2024) frames GPT-4V as a generalist web agent
operating from screenshots, with a tool interface and online evaluation on live websites. WebSight
(Bhathal & Gupta, 2025) likewise adopts a vision-first pipeline that eliminates DOM reliance, pairing
a fine-tuned VLM with modular planning/verification and episodic memory. UI-TARS (Qin et al.,
2025) reports strong end-to-end agent performance via large-scale GUI pretraining and iterative
data collection. Our setting follows this screenshot-only, tool-calling paradigm and extends it with
continuous memory to enable compact, transferable knowledge reuse.

Memory for LLMs and Agents. LLM/VLM agents remain constrained by finite context windows
and weak long-term retention, motivating external and learned memory mechanisms. Early retrieval-
based approaches such as RAG (Lewis et al., 2020) and REALM (Guu et al., 2020) equips models
with non-parametric textual memory, but long concatenated contexts raise inference cost and can
distract planning (Arslan et al., 2024). Recent works move beyond token concatenation toward
structured and continuous memories. VoCo-LLaMA (Ye et al., 2025) and MA-LMM (He et al.,
2024a) compress visual content into compact embeddings. CoMEM (Wu et al., 2025) advances
this line for VLMs by learning continuous memory that is portable across models and avoids the
pitfalls of token concatenation. In the agent literature, Agent Workflow Memory (Wang et al., 2025)
induces reusable workflows from experience and selectively retrieves them to guide future decisions,
improving long-horizon tasks both offline and online. Memp (Fang et al., 2025) targets procedural
memory, distilling past trajectories into step-level instructions and higher-level scripts with explicit
build–retrieve–update mechanisms for lifelong use. (Zhang et al., 2025) proposes trajectory-level
retrieval over unified, multimodal agent traces, positioning trajectory banks as first-class memory
for agent policy reuse and analysis. Together, these directions suggest that dense, model-agnostic
memories can provide stable, low-overhead knowledge that transfers across tasks and backbones.

LLM for Data Annotation. A growing body of work replaces costly human supervision with LLM-
driven synthesis and grading. Self-Instruct (Wang et al., 2023) and its evolutionary variants (Zeng
et al., 2024; Xu et al., 2024) bootstrap large, scalable instruction datasets directly from pretrained
LLMs’ own generations. In GUI domains, ZeroGUI (Yang et al., 2025) automates online learning
by having a VLM generate tasks from the current screen, roll out policies, and verify success,
thereby expanding training data at near-zero human cost. SEAgent (Sun et al., 2025) is an agentic
self-evolving framework enabling computer use agents to autonomously evolve through interactions
with unfamiliar software, therefore empowers mastering novel software environments via experiential
learning. Together, these works provide a practical recipe for continual data growth to fuel agent
learning and, in our case, to expand the memory at scale.

3 PRELIMINARY

Problem Statement. Following the vision-based setting in SeeAct (Zheng et al., 2024) and Web-
Sight (Bhathal & Gupta, 2025), we consider a GUI interaction environment that exposes a page
rendering engine and a set of action interfaces. Given the environment and the natural language task
instruction (e.g., “Find the address for the nearest Armageddon Shop”), the agent perceives the world
solely through pixels and selects the next action from the following set:

A = {CLICK, TYPE, SCROLL, WAIT, STOP}. (1)
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Figure 2: Overview of our memory-augmented VLM agent framework. We devise (1) a four-phase
memory auto-scaling data flywheel; (2) a memory storing diverse environments and successful
trajectories; and (3) a VLM-based memory encoder that converts retrieved trajectories from the
memory into compact embeddings to guide the VLM during inference.

At time t, the agent receives an observation ot = ⟨It⟩ from the current state, where It is a screenshot
of the GUI environment.Then, the agent outputs a structured action call at ∈ A to operate the GUI.
The environment transition executes at on the interface and returns the next screenshot It+1, yielding
a trajectory τ = (ot, at)

T
t=1. We assume a horizon cap Tmax. Following existing work (He et al.,

2024b), a task is successful if the last s page states satisfy the goal according to LLM-as-Judge
evaluation. We report standard success rate on public web-agent benchmarks.

Our Target. In this paper, we aim to equip the GUI agent with a continuous memory that consists
of compressed embeddings of useful trajectories from different environments and tasks. For each task,
we first retrieve the top-k relevant items from the memory, and then concatenate their continuous
embeddings into the context. At each step, the agent model produces the next action conditioned on
both the current observation and memory items, and the memory-augmented policy is:

at ∼ πθ(a | ot, mt) , (2)

where mt is the concatenated continuous vectors of the retrieved memory items.

4 APPROACH

According to the promising improvement and scaling law shown in Figure 1, we aim to equip the
GUI agent with a scalable continuous memory containing useful GUI trajectories. We first introduce
our devised data flywheel for automatically scaling the memory, and then present the integration of
our continuous memory and the agent model. We show the overview of our approach in Figure 2.

4.1 MEMORY AUTO-SCALING DATA FLYWHEEL

Large-scale, diverse, high-quality GUI trajectories are key for our continuous memory to strengthen
GUI agents’ capabilities. To enable scaling, we introduce an autonomous data flywheel that grows the
memory without any human intervention. For a start, let Q be the task/query pool, E the environment
pool (web/apps), and T the trajectory pool. We initialize Q0 using the queries from a seed dataset, i.e.,

4



216
217
218
219
220
221
222
223
224
225
226
227
228
229
230
231
232
233
234
235
236
237
238
239
240
241
242
243
244
245
246
247
248
249
250
251
252
253
254
255
256
257
258
259
260
261
262
263
264
265
266
267
268
269

Under review as a conference paper at ICLR 2026

Mind2Web training set (Deng et al., 2023; Zheng et al., 2024), and set E0 and T0 as empty set ∅. At
each iteration, we update (Qt, Et, Tt) → (Qt+1, Et+1, Tt+1) through four phases that continuously
discover new environments, synthesize tasks, roll out trajectories, and conduct quality evaluation.

Phase-1: New Environment Discovery. Inspired by humans who often seek new apps and webs
through online search, we utilize an online search engine to discover diverse new environments. We
first sample a few queries from Qt, and use SerpAPI1 to search for the top 20 related websites. Then,
we simply test the stability and accessibility of the websites, and filter out the low-quality ones. Next,
we deduplicate the websites with Et, and obtain the newly discovered environment set E∗.

Phase-2: New Task Creation. For each new environment e ∈ E∗, we use a VLM to automatically
synthesize new task queries for it. Given the environment screenshot, the VLM first produces a
detailed text description of the site. Using this description, along with the screenshot, the VLM then
generates a set of candidate task queries Q∗

e that are potentially solvable within the environment.

Phase-3: Trajectory Rollout. Next, we employ an agent model (i.e., Qwen2.5-VL-32B (Yang
et al., 2024)) to perform autonomous rollouts. Given each query q ∈ Q∗

e , we follow the setup
described in Section 3 to make the agent model interact with environment e. We collect all the actions
and observations to compose the trajectory τ∗q = (ot, at)

T
t=1.

Phase-4: Quality Checking. Upon completion of each task, we evaluate the resulting trajectory
using a dedicated judging model. The evaluation process involves feeding the task query q and the full
trajectory τ∗q into the judge VLM, which determines whether the task was successfully completed. For
high-quality evaluation, we use SEAgent-1.0-7B (Sun et al., 2025), a fine-tuned model specifically
trained for GUI agent assessment. Finally, we collect all the positive trajectories, and their task
queries and environments, to update the trajectory pool Tt, task pool Qt, and environment pool Et.

Table 1: Comparison across different GUI data resource. # Env. and
# Samples denote the number of collected environments and samples
in the datasets, respectively. Step-wise and Fully Auto Anno. denote
whether we use fine-grained step-wise annotation and fully automatic
annotation strategy, respectively.

Dataset # Env. # Samples Step-wise Fully Auto
Anno. Anno.

WebArena 4 812 ✓ ✗
VisualWebArena 3 910 ✓ ✗
WebShop 1 12,087 ✗ ✗
OmniACT 30 9,802 ✗ ✗
OSWorld 10 369 ✗ ✗
ScreenAgent 39 723 ✗ ✗
Mind2Web 137 2,350 ✓ ✗
Webvoyager 15 643 ✗ ✓

Ours 6,676 15,145 ✓ ✓

Outcome. This discover →
generate → rollout → verify
closed loop provides a sim-
ple but flexible auto-scaling
strategy to continuously ex-
pand Q, E , and T . In prac-
tice, by setting simple diver-
sity and quality filters, we can
further prevent redundancy
and ensure robustness. In ex-
periments, we spend about
$553 to collect 15,145 trajec-
tories spanning from 6,676 en-
vironments. As shown in Ta-
ble 1, our trajectory dataset
is a more diverse large-scale
dataset than existing open-
source ones. Our data fly-
wheel supports full step-wise and automatic annotations, enabling low-cost scale-up with minimal
manual effort. More details can be found in Appendix B.

4.2 INTEGRATING CONTINUOUS MEMORY TO GUI AGENT

We first introduce the design of the memory encoder, then the fine-tuning strategy and the retrieval
mechanism. Leveraging the trajectories collected by our data flywheel, we integrate a continuous
memory into the GUI agent to enable effective knowledge transfer across tasks and environments. We
first describe the memory encoder, then the retrieval mechanism, and finally the fine-tuning strategy.

1https://serpapi.com/

5



270
271
272
273
274
275
276
277
278
279
280
281
282
283
284
285
286
287
288
289
290
291
292
293
294
295
296
297
298
299
300
301
302
303
304
305
306
307
308
309
310
311
312
313
314
315
316
317
318
319
320
321
322
323

Under review as a conference paper at ICLR 2026

Continuous Memory Encoder. Following CoMEM (Wu et al., 2025), we employ a Q-Former (Li
et al., 2023) to compress each retrieved multimodal trajectory into a small set of continuous memory
embeddings. These embeddings are injected into the agent in a plug-and-play manner by prepending
them to the model’s input embeddings, allowing the agent to attend to contextual memory without
architectural changes or full retraining. Thanks to the high representational capacity of continuous
embeddings, long trajectories that often exceed 15,000 tokens2 can be compressed to as few as 8
vectors, making large external knowledge and history feasible within limited context budgets.

Memory Retrieval. At inference time, given the current observation ot, we perform embedding-
based multimodal retrieval to fetch the most relevant prior experiences. Concretely, a CLIP en-
coder (Radford et al., 2021) maps screenshots and associated actions/queries from each stored
trajectory to a set of embeddings, which are then pooled into a single multimodal key. We index all
keys with FAISS (Douze et al., 2024) and retrieve the top-k nearest neighbors. The corresponding
trajectories are converted by the memory encoder into continuous embeddings and prepended to the
agent’s input, providing exemplar-driven guidance without inflating the token prompt.

Efficient Fine-tuning for Memory Encoder. To adapt the memory encoder to the agent with
minimal cost, we fine-tune it using LoRA (Hu et al., 2021) (rank 16) shared across all Q-Former (Li
et al., 2023) layers, updating only 1.2% of parameters. For data efficiency, we train on 1,500 high-
quality trajectories drawn from open-source and synthetic sources. Each step in a trajectory forms a
training instance augmented with its top-3 retrieved memories. This parameter- and data-efficient
setup completes in 20 hours on a single NVIDIA H100 while yielding strong generalization.

5 EXPERIMENTS

5.1 EXPERIMENTAL SETUP

ReAct-style and Tool-calling Mechanism. Our main actor model adopts a vision-language archi-
tecture aligned with the tool-calling and ReAct paradigms. To execute actions, the model outputs
structured reasoning followed by a tool invocation from a predefined toolset consisting of both GUI
tools (e.g., CLICK, TYPE, SCROLL PAGE, WAIT, STOP) and Analysis tools (e.g., Page Content
Analyzer, Change Page). For location grounding—such as selecting a pixel for clicking or typing,
we augment the screenshot using a SOM-based labeling method, assigning clear identifiers to each
UI element. The model must describe the target item and specify its label. If it fails to produce a
valid label, we fall back to UI-TARS-1.5-7B (Qin et al., 2025) as a backup grounding module to
ensure robust interaction. This hybrid approach enables both accurate decision-making and reliable
UI manipulation in complex web environments.

Evaluation Settings. Experiments are conducted on three challenging multimodal web-agent
benchmarks, MMInA (Zhang et al., 2024), Multimodal-Mind2Web (Deng et al., 2023; Zheng et al.,
2024) and Webvoyager (He et al., 2024b), covering diverse real-world web-using scenarios.

(i) MMInA (Zhang et al., 2024) is designed to evaluate GUI agents on real-world websites. It
contains 1,050 tasks across domains such as shopping and travel, requiring agents to perform
multimodal grounding and long-horizon planning. We use the Wikipedia and Shopping
domains and test on all available samples within these two categories.

(i) Multimodal-Mind2Web (Deng et al., 2023; Zheng et al., 2024) is a large-scale benchmark
containing over 2,000 open-ended tasks from 137 real-world websites spanning 31 domains.
For our evaluation, we select the first 100 tasks from the test-domain and test-website
subsets, which include domains and websites not seen during training, thereby evaluating the
out-of-distribution (OOD) generalizability of the agent. We skip tasks where the associated
website is no longer accessible at evaluation time.

(i) WebVoyager (He et al., 2024b) contains real-world tasks from 15 websites and challenges
agents to ground and reason in highly dynamic and multimodal web environments. We
follow WebSight (Bhathal & Gupta, 2025), to use a subset of achievable tasks for evaluation.

2Each trajectory typically contains about 10 action–screenshot pairs; each pair costs 1,500 tokens in common
VLMs (Zheng et al., 2024).
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We adopt the LLM-as-Judge paradigm (He et al., 2024b) to evaluate task completion. For MMInA,
we provide the language model with both the model’s final answer and the ground truth answer, and
ask it to determine whether the response is correct. For Multimodal-Mind2Web and WebVoyager, we
supply the task description along with a sequence of trajectory screenshots to a VLM, which judges
whether the task has been successfully completed. We report Task Accuracy as the evaluation metric.

Baseline Methods. To assess the effectiveness of our proposed memory-augmented framework, we
compare the performance of the actor model across the following four settings:

(i) Closed Source Base Model: including GPT-4o (OpenAI, 2024b), Gemini-Pro-Vision
(Google, 2023), and Claude-4(Anthropic, 2024).

(ii) Open Source Base Model: including GLM 4.1V-9B (Team, 2025b), Qwen2.5-VL-
7B (Wang et al., 2024), and Qwen2.5-VL-32B (Yang et al., 2024). These two settings
serve as baselines without task-specific adaptation or external memory.

(iii) Specialized Fine-Tuned Model: including UI-TARS-1.5 (Qin et al., 2025), CogA-
gent (Hong et al., 2023), and WebSight (Bhathal & Gupta, 2025), which are fine-tuned
specifically for GUI tasks. This setting provides a comparison with task-specific adaptation.

(iv) Open Source Model + Memory: where we augment the base model with external memories
in two different forms. Text-based Memory includes only unimodal (text) external experi-
ence trajectories in the form of tokenized textual prompts, serving as a baseline to assess
the impact of text-based memory. CoMEM compresses and stores multimodal (text and
screenshots) external experience trajectories in a continuous embedding space, evaluating
the benefits of rich, multimodal memory representations for complex agent tasks.

All results reported in Table 2 are based on our own reproduction. The environment setup, task
sampling, and evaluation protocols are consistent to ensure fair comparison across models.

5.2 MAIN RESULTS

Table 2: Performance comparison of GUI Agents on MMInA, Mind2Web, and WebVoyager evalua-
tion of task accuracy. Bold indicates the best performance, and underline denotes the second-best.
Results from closed-source base models are for reference only and excluded from ranking.

MMInA Mind2Web WebVoyager Avg.
Model Wiki Shop Shop Travel Info Service Overall

Closed Source
GPT-4o 51.3% 37.0% 15.4% 14.3% 22.6% 29.4% 31.8% 27.8%
Gemini-Pro-Vision 52.3% 41.6% 12.5% 25.0% 20.8% 22.8% 47.7% 30.4%
Claude-4 50.0% 40.0% 10.5% 22.2% 19.8% 26.7% 40.9% 28.8%

Open Source
Qwen2-VL-7B 7.8% 0.0% 0.0% 2.2% 8.3% 14.0% 31.8% 8.8%
Qwen2.5-VL-7B 36.7% 15.5% 2.6% 9.5% 9.6% 17.3% 40.0% 14.4%
GLM 4.1V-9B 34.7% 20.3% 13.3% 11.1% 13.6% 33.3% 40.0% 23.0%
Qwen2.5-VL-32B 43.3% 37.6% 8.0% 12.2% 7.6% 13.0% 40.9% 21.6%

Specialized Finetuned
UI-TARS-1.5 36.4% 1.0% 0.0% 14.3% 5.6% 6.5% 34.8% 13.2%
CogAgent 20.5% 7.0% 10.7% 20.0% 12.4% 20.6% - 15.3%
Websight 12.0% 9.5% 8.3% 6.7% 13.3% 17.6% 47.7% 15.8%

Memory-augmented
UI-TARS-1.5-7B

+ Text-based Memory 16.0% 1.0% 0.0% 11.0% 3.6% 8.6% 34.0% 10.0%
+ CoMEM 41.3% 17.9% 14.3% 18.2% 23.3% 18.9% 38.0% 23.8%

Qwen2.5-VL-7B
+ Text-based Memory 34.2% 31.4% 7.1% 17.8% 12.7% 16.6% 44.0% 22.2%
+ CoMEM 47.4% 45.0% 22.2% 18.8% 26.5% 17.7% 54.5% 31.7%
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Result Analysis. As shown in Table 2, general base models perform poorly on web GUI tasks, with
Qwen2.5-VL-7B achieving only 26.11% task accuracy in MMInA and 9.78% in Mind2Web. These
models lack grounding in interactive environments and struggle with the structured reasoning required
for web interfaces. Specialized finetune models such as CogAgent and WebSight perform better in
some domains (e.g., CogAgent achieves 15.94% in Mind2Web tasks), but remain inconsistent and
lack robustness across tasks, suggesting limited generalization beyond their training data.

Augmenting the base model with external memories significantly improves performance, as it
provides additional context, past experience, and task-relevant knowledge. For example, adding
external Text-based Memory raises the performance of Qwen2.5-VL-7B to 32.78% in MMInA, 44.0%
in Webvoyager. Our proposed CoMEM further boosts performance by augmenting rich multimodal
trajectories into compact embeddings. With CoMEM, Qwen2.5-VL-7B achieves 46.20% in MMInA,
21.28% in Mind2Web and 54.5% in Webvoyager, which is the best performance across all settings.
This demonstrates that continuous memory effectively encodes long, multimodal experience into very
few tokens, enabling efficient and scalable memory integration.

We also observe that UI-TARS-1.5-7B performs poorly across benchmarks, primarily due to its lack
of exposure to interactive web navigation tasks during training. However, when augmented with
CoMEM, UI-TARS-1.5 achieves a substantial performance improvement—from just 6.6% to 23.8%
overall—demonstrating that our memory system effectively compensates for planning limitations by
providing structured, multimodal task experiences that guide decision-making.

Scaling Law. To characterize the scaling behavior of our continuous memory, we refer to the
empirical tendency, and leverage a rather simple log-linear function to model the relationship between
model accuracy and the memory size M :

Acc(m) = a+ b logm (3)

and estimate ⟨a, b⟩ by ordinary least squares separately for each fixed number of memories samples
m ∈ {3, 10, 50, 100}. As seen Figure 1(a), the log-linear function can well describe the relationship
and indicates the constantly increasing gains with respect to the scaling of the memory size. Besides,
when comparing the curves with different retrieved samples, it is obvious that more samples lead to
steeper improvement when increasing the memory size.

For the effect of the number of retrieved memory samples K, we we fit a cubic polynomial in log k
to accuracy on MMInA Shopping tasks via ordinary least squares. As shown in Figure 1(b), CoMEM
exhibits a sustained upward trend, whereas text-based memories peak and then deteriorate beyond
roughly ten retrieved items, likely due to ballooning sequence length and accumulated noise.

5.3 FURTHER ANALYSIS

Table 3: Out-of-domain-GUI Environment Evaluation. AMS and SR denote Action Matching Score
and Success Rate respectively. We evaluate Qwen-VL on GUI-Oddsey and UI-TARS on OSWorld.

GUl-Oddsey (AMS) OSWorld (SR)

Model High Level Low Level Office Daily Professional Overall

Baseline 22.38% 45.58% 24.70% 25.60% 60.20% 26.40%
+ Text-based Memory 24.42% 37.35% 23.10% 23.10% 57.10% 24.70%
+ CoMEM 27.41% 44.90% 25.13% 28.21% 60.87% 26.73%

Out-of-domain GUI Environment. To evaluate the generalization capability of our continuous
memory mechanism, we conduct experiments in out-of-domain (OOD) GUI environments. Specifi-
cally, we utilize the memory constructed in web-based environments and a memory encoder fine-tuned
on the web data. Evaluation is performed on two GUI benchmarks: GUI-Odyssey (Lu et al., 2025a)
and OSWorld (Xie et al., 2024). OSWorld focuses on real-world desktop operating systems and
open-ended workflows, while GUI-Odyssey targets cross-application navigation on mobile GUIs.

Following the original evaluation protocols, we report the Action Matching Score (AMS) for GUI-
Odyssey and the Task Success Rate (SR) for OSWorld. The results reveal two key findings: (1) the
Text-based Memory exhibits a negative impact on performance in OOD settings. Since it relies on
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copying explicit actions or formats from prompts, it often introduces noise when applied to unfamiliar
environments. (2) In contrast, the continuous memory demonstrates strong generalization. It
encodes abstract, high-level knowledge and actionable rules into compact embeddings, which transfer
effectively across different GUI domains—including unseen operating systems and applications.

Table 4: Inference speed and performance comparison across
different methods. We report the average inference time (in
minutes) per trajectory and accuracy (Acc.) in two domains.

Wikipedia Shopping

Method Time Acc. Time Acc.

Qwen2.5-VL 2.33 72.4 1.57 68.9
+ Text-based Memory 1.50 77.1 2.12 73.5
+ CoMEM 1.58 81.3 2.13 76.8

Inference Latency Study. To as-
sess the impact of memory aug-
mentation on agent efficiency, we
measure the average time consump-
tion per trajectory across two tasks
in MMInA (Zhang et al., 2024):
Wikipedia browsing and Shopping, as
shown in Table 4. Importantly, our
method does not introduce additional
time latency during inference. In fact,
for the Wikipedia task, both memory-
augmented variants, Text-based Memory and CoMEM, demonstrate even shorter completion times
compared to the baseline. This suggests that access to prior experience allows the agent to make
more informed decisions and follow more efficient trajectories.

Although the task completion time for the Shopping task is slightly higher with memory integration,
the difference is marginal (within 0.5 minutes) and does not indicate any substantial overhead. Overall,
the results confirm that our memory mechanism maintains time efficiency while providing the added
benefit of improved task performance and generalization.

Table 5: Task success rate comparison of us-
ing different training data scale.

Data Size Wikipedia Shopping

500 39.30% 33.30%
1000 43.83% 39.00%
1500 47.40% 45.00%
2000 45.00% 42.60%

Training Efficiency To evaluate the efficiency of
our training process, we conduct experiments using
varying amounts of high-quality training trajectories
for aligning the compressed memory embeddings
with the VLM’s representation space. As shown in
Table 5, our method achieves strong performance
with limited training data. Notably, with only 1500
high-quality trajectories, the model reaches peak per-
formance on both the Wikipedia (47.40%) and Shop-
ping (45.00%) tasks. This indicates that our memory encoder can effectively distill and align semantic
knowledge into a compact embedding space with minimal data. Interestingly, increasing the training
data to 2000 trajectories does not yield further gains, suggesting that our model is already well-aligned
and sample-efficient. These results highlight the practicality of our approach in real-world scenarios
where labeled trajectories are expensive or scarce.

6 CONCLUSION

We presented a memory-augmented framework for GUI agents that tackles long-horizon general-
ization by encoding prior trajectories as compact continuous embeddings and scaling this memory
through an autonomous data flywheel. The proposed memory greatly compresses multimodal tra-
jectories while preserving critical visual cues, enabling practical retrieval augmentation at inference
without ballooning context length. We empirically verified that the performance improves monotoni-
cally as we scale memory size and retrieval depth. To sustain growth, we devised an auto-scaling data
flywheel to collect diverse and high-quality experiences, consisting of environment discovery, task
synthesis, trajectory rollout, and quality checking. Using only a search engine, an open-source VLM,
and an agent, our data flywheel yielded 15,145 trajectories at low cost ($553). Based on the collected
memory data, we adopted a lightweight adaptation regime (LoRA + Q-Former; 1.2% parameters on
1.5k samples) to equip a 7B open model with our memory. Experimental results have shown that the
memory-augmented 7B model can attain accuracy competitive with leading closed-source systems.

Overall, our results indicate that continuous memory and autonomous experience acquisition form a
robust foundation for scalable, generalizable GUI agents. Future work includes adaptive retrieval
policies conditioned on uncertainty, tighter integration with RL for credit assignment over memories,
extension to mobile and desktop automation at scale, and privacy-aware on-device memorization.
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LIMITATION AND ETHICS STATEMENT

This work outlines a practical path to scaling GUI agents by shifting knowledge from long token
histories to compact, learnable embeddings and fueling them with autonomously harvested trajectories,
but several technical limits remain. Retrieval can drift under extreme UI shifts (novel layouts, widgets,
interaction patterns), and screenshot-only inputs underrepresent non-visual states; expanding retrieval
to execution traces or UI graphs may help. At memory scale, freshness, deduplication, and provenance
are hard to govern, and larger banks stress latency and GPU memory; age-/domain-aware eviction,
clustering-based dedup, hierarchical or sharded FAISS indexes, and on-device caches are natural
next steps. Finally, benchmark coverage lags real-world non-stationarity and evolving websites,
complicating exact reproducibility; releasing crawl seeds, environment allowlists, and versioned
testbeds can improve transparency.

Our data flywheel—environment discovery, task synthesis, rollout, and judging—also introduces
reliability and bias risks. VLM judges can admit failures or reject valid successes, and self-reinforcing
loops may overfit popular layouts or “easy” sites; ensemble judging, disagreement sampling with
targeted spot checks, and domain-balanced crawling/retrieval mitigate this. The pipeline is vulnerable
to data poisoning (malicious pages, adversarial screenshots) and prompt-injection-style UI content;
source filtering, allowlists, per-memory safety scans, and retrieval-time trust scoring are required.
Because auto-collected pages may embed copyrighted assets or restrictive licenses, public releases
should prioritize features/embeddings plus URLs and honor site-specific terms.

Ethical considerations center on safety, privacy, and environmental cost. Autonomous rollouts
must never operate on real accounts or payment flows; sandboxing, dry-run modes, click whitelists,
ToS/robots checks, and fail-safes are mandatory. Screenshots can contain PII or sensitive content;
apply consented collection only, automated redaction, minimization, strict access controls, and
documented retention/erasure policies. Although our training is lightweight, large-scale crawl/embed-
ding/indexing consumes energy; tracking usage, using efficient encoders, and sharing public indexes
can reduce footprint. Addressing these limitations—alongside the modeling advances—is essential
for safe, privacy-preserving, and reproducible deployment of memory-augmented GUI agents.

REPRODUCIBILITY STATEMENT

To ensure the reproducibility of our work, we have uploaded our complete source code as a zip
file in the supplementary materials. We will also open-source both the codebase and the generated
dataset. Detailed descriptions of our model architecture, training procedures, and hyperparameters
are provided in Section 4.2 of the main paper. Implementation details, including environment setup
and dataset details are further elaborated in Section 5.1. The dataset construction pipeline and format
are explained in Section 4.1 and Appendix B.

REFERENCES

Anthropic. Claude 4. https://www.anthropic.com/index/claude-4, 2024. Accessed:
2025-09-21.

Muhammad Arslan, Hussam Ghanem, Saba Munawar, and Christophe Cruz. A survey on rag with
llms. Procedia Computer Science, 246:3781–3790, 2024. ISSN 1877-0509. doi: https://doi.
org/10.1016/j.procs.2024.09.178. URL https://www.sciencedirect.com/science/
article/pii/S1877050924021860. 28th International Conference on Knowledge Based
and Intelligent information and Engineering Systems (KES 2024).

Tanvir Bhathal and Asanshay Gupta. Websight: A vision-first architecture for robust web agents.
arXiv preprint arXiv:2508.16987, 2025.

Xiang Deng, Yu Gu, Boyuan Zheng, Shijie Chen, Sam Stevens, Boshi Wang, Huan Sun,
and Yu Su. Mind2web: Towards a generalist agent for the web. In A. Oh, T. Naumann,
A. Globerson, K. Saenko, M. Hardt, and S. Levine (eds.), Advances in Neural Informa-
tion Processing Systems, volume 36, pp. 28091–28114. Curran Associates, Inc., 2023.
URL https://proceedings.neurips.cc/paper_files/paper/2023/file/

10

https://www.anthropic.com/index/claude-4
https://www.sciencedirect.com/science/article/pii/S1877050924021860
https://www.sciencedirect.com/science/article/pii/S1877050924021860
https://proceedings.neurips.cc/paper_files/paper/2023/file/5950bf290a1570ea401bf98882128160-Paper-Datasets_and_Benchmarks.pdf
https://proceedings.neurips.cc/paper_files/paper/2023/file/5950bf290a1570ea401bf98882128160-Paper-Datasets_and_Benchmarks.pdf
https://proceedings.neurips.cc/paper_files/paper/2023/file/5950bf290a1570ea401bf98882128160-Paper-Datasets_and_Benchmarks.pdf


540
541
542
543
544
545
546
547
548
549
550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593

Under review as a conference paper at ICLR 2026

5950bf290a1570ea401bf98882128160-Paper-Datasets_and_Benchmarks.
pdf.

Matthijs Douze, Alexandr Guzhva, Chengqi Deng, Jeff Johnson, Gergely Szilvasy, Pierre-Emmanuel
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Singh, Doug Kang, Ankur Jain, Hongyu Hè, Max Schwarzer, Tom Gunter, Xiang Kong, Aonan
Zhang, Jianyu Wang, Chong Wang, Nan Du, Tao Lei, Sam Wiseman, Guoli Yin, Mark Lee, Zirui
Wang, Ruoming Pang, Peter Grasch, Alexander Toshev, and Yinfei Yang. Mm1: Methods, analysis
& insights from multimodal llm pre-training, 2024. URL https://arxiv.org/abs/2403.
09611.

Reiichiro Nakano, Jacob Hilton, Suchir Balaji, Jeff Wu, Long Ouyang, Christina Kim, Christopher
Hesse, Shantanu Jain, Vineet Kosaraju, William Saunders, Xu Jiang, Karl Cobbe, Tyna Eloundou,
Gretchen Krueger, Kevin Button, Matthew Knight, Benjamin Chess, and John Schulman. WebGPT:
Browser-assisted question-answering with human feedback, 2022. URL https://arxiv.
org/abs/2112.09332.

OpenAI. Gpt-4o technical report. https://openai.com/index/gpt-4o, 2024a. Accessed
September 2025.

OpenAI. Gpt-4o system card, 2024b. URL https://arxiv.org/abs/2410.21276.

Randall C. O’Reilly, Thomas E. Hazy, and Seth A. Herd. Complementary learning systems. Cognitive
Science, 38(6):1229–1248, 2014.

Yujia Qin, Yining Ye, Junjie Fang, Haoming Wang, Shihao Liang, Shizuo Tian, Junda Zhang,
Jiahao Li, et al. Ui-tars: Pioneering automated gui interaction with native agents. arXiv preprint
arXiv:2501.12326, 2025.

Alec Radford, Jong Wook Kim, Chris Hallacy, Aditya Ramesh, Gabriel Goh, Sandhini Agarwal,
Girish Sastry, Amanda Askell, Pamela Mishkin, Jack Clark, et al. Learning transferable visual
models from natural language supervision. In International conference on machine learning, pp.
8748–8763. PmLR, 2021.

Zeyi Sun, Ziyu Liu, Yuhang Zang, Yuhang Cao, Xiaoyi Dong, Tong Wu, Dahua Lin, and Jiaqi Wang.
SEAgent: Self-Evolving Computer Use Agent with Autonomous Learning from Experience, 2025.
URL https://arxiv.org/abs/2508.04700.

Tongyi DeepResearch Team. Tongyi-deepresearch. https://github.com/Alibaba-NLP/
DeepResearch, 2025a.

V Team. GLM-4.5V and GLM-4.1V-Thinking: Towards Versatile Multimodal Reasoning with
Scalable Reinforcement Learning, 2025b. URL https://arxiv.org/abs/2507.01006.

Endel Tulving. Episodic memory: from mind to brain. Annual Review of Psychology, 53:1–25, 2002.

Peng Wang, Shuai Bai, Sinan Tan, Shijie Wang, Zhihao Fan, Jinze Bai, Keqin Chen, Xuejing Liu,
Jialin Wang, Wenbin Ge, et al. Qwen2-vl: Enhancing vision-language model’s perception of the
world at any resolution. arXiv preprint arXiv:2409.12191, 2024.

Yizhong Wang, Yeganeh Kordi, Swaroop Mishra, Alisa Liu, Noah A. Smith, Daniel Khashabi, and
Hannaneh Hajishirzi. Self-instruct: Aligning language models with self-generated instructions. In
Proceedings of the 61st Annual Meeting of the Association for Computational Linguistics (Volume
1: Long Papers), pp. 13484–13508, Toronto, Canada, July 2023. Association for Computational
Linguistics. doi: 10.18653/v1/2023.acl-long.754. URL https://aclanthology.org/
2023.acl-long.754/.

Zora Zhiruo Wang, Jiayuan Mao, Daniel Fried, and Graham Neubig. Agent workflow mem-
ory. In Forty-second International Conference on Machine Learning, 2025. URL https:
//openreview.net/forum?id=NTAhi2JEEE.

Wenyi Wu, Zixuan Song, Kun Zhou, Yifei Shao, Zhiting Hu, and Biwei Huang. Towards general
continuous memory for vision-language models, 2025. URL https://arxiv.org/abs/
2505.17670.

12

https://arxiv.org/abs/2504.10458
https://arxiv.org/abs/2403.09611
https://arxiv.org/abs/2403.09611
https://arxiv.org/abs/2112.09332
https://arxiv.org/abs/2112.09332
https://openai.com/index/gpt-4o
https://arxiv.org/abs/2410.21276
https://arxiv.org/abs/2508.04700
https://github.com/Alibaba-NLP/DeepResearch
https://github.com/Alibaba-NLP/DeepResearch
https://arxiv.org/abs/2507.01006
https://aclanthology.org/2023.acl-long.754/
https://aclanthology.org/2023.acl-long.754/
https://openreview.net/forum?id=NTAhi2JEEE
https://openreview.net/forum?id=NTAhi2JEEE
https://arxiv.org/abs/2505.17670
https://arxiv.org/abs/2505.17670


648
649
650
651
652
653
654
655
656
657
658
659
660
661
662
663
664
665
666
667
668
669
670
671
672
673
674
675
676
677
678
679
680
681
682
683
684
685
686
687
688
689
690
691
692
693
694
695
696
697
698
699
700
701

Under review as a conference paper at ICLR 2026

Zhiyong Wu, Zhenyu Wu, Fangzhi Xu, Yian Wang, Qiushi Sun, Chengyou Jia, Kanzhi Cheng,
Zichen Ding, Liheng Chen, Paul Pu Liang, and Yu Qiao. Os-atlas: A foundation action model for
generalist gui agents. arXiv preprint arXiv:2410.23218, 2024.

Tianbao Xie, Danyang Zhang, Jixuan Chen, Xiaochuan Li, Siheng Zhao, Ruisheng Cao, Toh Jing
Hua, Zhoujun Cheng, Dongchan Shin, Fangyu Lei, Yitao Liu, Yiheng Xu, Shuyan Zhou,
Silvio Savarese, Caiming Xiong, Victor Zhong, and Tao Yu. OSWorld: Benchmarking
multimodal agents for open-ended tasks in real computer environments. In Advances in Neural
Information Processing Systems, volume 37, pp. 52040–52094. Curran Associates, Inc., 2024.
URL https://proceedings.neurips.cc/paper_files/paper/2024/file/
5d413e48f84dc61244b6be550f1cd8f5-Paper-Datasets_and_Benchmarks_
Track.pdf.

Can Xu, Qingfeng Sun, Kai Zheng, Xiubo Geng, Pu Zhao, Jiazhan Feng, Chongyang Tao, Qingwei
Lin, and Daxin Jiang. WizardLM: Empowering large pre-trained language models to follow
complex instructions. In The Twelfth International Conference on Learning Representations, 2024.
URL https://openreview.net/forum?id=CfXh93NDgH.

An Yang, Baosong Yang, Beichen Zhang, Binyuan Hui, Bo Zheng, Bowen Yu, Chengyuan Li,
Dayiheng Liu, Fei Huang, Haoran Wei, et al. Qwen2. 5 technical report. arXiv preprint
arXiv:2412.15115, 2024.

Chenyu Yang, Shiqian Su, Shi Liu, Xuan Dong, Yue Yu, Weijie Su, Xuehui Wang, Zhaoyang Liu,
Jinguo Zhu, Hao Li, Wenhai Wang, Yu Qiao, Xizhou Zhu, and Jifeng Dai. ZeroGUI: Automating
Online GUI Learning at Zero Human Cost, 2025. URL https://arxiv.org/abs/2505.
23762.

Shunyu Yao, Howard Chen, John Yang, and Karthik Narasimhan. WebShop: Towards scal-
able real-world web interaction with grounded language agents. In Advances in Neu-
ral Information Processing Systems, volume 35, pp. 20744–20757. Curran Associates, Inc.,
2022. URL https://proceedings.neurips.cc/paper_files/paper/2022/
file/82ad13ec01f9fe44c01cb91814fd7b8c-Paper-Conference.pdf.

Xubing Ye, Yukang Gan, Xiaoke Huang, Yixiao Ge, and Yansong Tang. VoCo-LLaMA: Towards
Vision Compression with Large Language Models. In Proceedings of the Computer Vision and
Pattern Recognition Conference (CVPR), pp. 29836–29846, June 2025.

Weihao Zeng, Can Xu, Yingxiu Zhao, Jian-Guang Lou, and Weizhu Chen. Automatic instruc-
tion evolving for large language models. In Proceedings of the 2024 Conference on Empirical
Methods in Natural Language Processing, pp. 6998–7018, Miami, Florida, USA, November
2024. Association for Computational Linguistics. doi: 10.18653/v1/2024.emnlp-main.397. URL
https://aclanthology.org/2024.emnlp-main.397/.

Xuan Zhang, Ziyan Jiang, Rui Meng, Yifei Leng, Zhenbang Xiao, Zora Zhiruo Wang, Yanyi
Shang, and Dehan Kong. Universal retrieval for multimodal trajectory modeling, 2025. URL
https://arxiv.org/abs/2506.22056.

Ziniu Zhang, Shulin Tian, Liangyu Chen, and Ziwei Liu. Mmina: Benchmarking multihop multimodal
internet agents, 2024.

Boyuan Zheng, Boyu Gou, Jihyung Kil, Huan Sun, and Yu Su. Gpt-4v(ision) is a generalist web
agent, if grounded. 2024. URL https://openreview.net/forum?id=piecKJ2DlB.

Shuyan Zhou, Frank F Xu, Hao Zhu, Xuhui Zhou, Robert Lo, Abishek Sridhar, Xianyi Cheng,
Yonatan Bisk, Daniel Fried, Uri Alon, et al. Webarena: A realistic web environment for building
autonomous agents. arXiv preprint arXiv:2307.13854, 2023. URL https://webarena.dev.

He Zhu, Tianrui Qin, King Zhu, Heyuan Huang, Yeyi Guan, Jinxiang Xia, Yi Yao, Hanhao Li,
Ningning Wang, Pai Liu, Tianhao Peng, Xin Gui, Xiaowan Li, Yuhui Liu, Yuchen Eleanor Jiang,
Jun Wang, Changwang Zhang, Xiangru Tang, Ge Zhang, Jian Yang, Minghao Liu, Xitong Gao,
Wangchunshu Zhou, and Jiaheng Liu. Oagents: An empirical study of building effective agents,
2025. URL https://arxiv.org/abs/2506.15741.

13

https://proceedings.neurips.cc/paper_files/paper/2024/file/5d413e48f84dc61244b6be550f1cd8f5-Paper-Datasets_and_Benchmarks_Track.pdf
https://proceedings.neurips.cc/paper_files/paper/2024/file/5d413e48f84dc61244b6be550f1cd8f5-Paper-Datasets_and_Benchmarks_Track.pdf
https://proceedings.neurips.cc/paper_files/paper/2024/file/5d413e48f84dc61244b6be550f1cd8f5-Paper-Datasets_and_Benchmarks_Track.pdf
https://openreview.net/forum?id=CfXh93NDgH
https://arxiv.org/abs/2505.23762
https://arxiv.org/abs/2505.23762
https://proceedings.neurips.cc/paper_files/paper/2022/file/82ad13ec01f9fe44c01cb91814fd7b8c-Paper-Conference.pdf
https://proceedings.neurips.cc/paper_files/paper/2022/file/82ad13ec01f9fe44c01cb91814fd7b8c-Paper-Conference.pdf
https://aclanthology.org/2024.emnlp-main.397/
https://arxiv.org/abs/2506.22056
https://openreview.net/forum?id=piecKJ2DlB
https://webarena.dev
https://arxiv.org/abs/2506.15741


702
703
704
705
706
707
708
709
710
711
712
713
714
715
716
717
718
719
720
721
722
723
724
725
726
727
728
729
730
731
732
733
734
735
736
737
738
739
740
741
742
743
744
745
746
747
748
749
750
751
752
753
754
755

Under review as a conference paper at ICLR 2026

A CASE STUDY

A.1 SHOPPING SCENARIO

Figure 3: Successful case 1 by Qwen2.5-VL-7B + CoMEM in shopping scenario. The model
accurately understands the goal, retrieves relevant memory, and selects the correct product.

Figure 4: Failure case of the base model Qwen2.5-VL-7B without memory. The model selects an
incorrect product that exceeds the price limit, highlighting the importance of contextual memory.

In the task “Find a beginner’s acrylic paint set on Amazon, with at least 24 colors, suitable for
canvas painting, and priced under $40,” the base model exhibits limited reasoning and planning
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capabilities as shown in figure 4. It prematurely selects the first product shown, failing to rigorously
evaluate whether the item meets all specified constraints such as price, color count, and suitability for
canvas painting. This behavior suggests a lack of contextual understanding and strategic planning.
In contrast, the CoMEM-enhanced model demonstrates significantly improved performance by
leveraging compressed memory representations from multiple prior shopping trajectories, as shown
in figure 3. These compact embeddings provide rich context, guiding the model to follow a more
deliberate and accurate plan—searching, analyzing multiple candidate products, and validating them
against all task constraints before making a final selection. This example highlights how CoMEM
enables deeper reasoning and constraint-aware decision-making, leading to more reliable outcomes
in complex multi-step tasks.

A.2 INFORMATION SCENARIO

Figure 5: Successful case 2 by Qwen2.5-VL-7B + CoMEM in information scenario. The model
accurately understands the goal, retrieves relevant memory, and finds the answer.

In the task “Does the city center of Shanghai have a TV tower with several spheres?”, the base model
demonstrates inefficient behavior by issuing an overly general query (”Shanghai”) and repeatedly
scrolling through irrelevant sections of the Wikipedia article. As shown in figure 6, this lack of
targeted exploration causes the model to miss the visual and textual cues needed to answer the
question, ultimately resulting in failure. In contrast, in figure 5 the CoMEM-enhanced model begins
with a more precise search query (“Shanghai TV tower”) informed by prior experience. It quickly
identifies the Oriental Pearl Tower—whose structure features multiple spheres—and successfully
verifies its location using both textual and visual evidence. This comparison highlights how CoMEM
enables more focused planning and efficient information retrieval, especially in tasks requiring
multimodal reasoning.

15



810
811
812
813
814
815
816
817
818
819
820
821
822
823
824
825
826
827
828
829
830
831
832
833
834
835
836
837
838
839
840
841
842
843
844
845
846
847
848
849
850
851
852
853
854
855
856
857
858
859
860
861
862
863

Under review as a conference paper at ICLR 2026

Figure 6: Failure case of the base model Qwen2.5-VL-7B without memory. The model starts with a
too general query and lacks enough exploration.

B TASK GENERATION PIPELINE

From Q0, the seed dataset, task descriptions are sampled from each category, of which there are 13
(’education’, ’tech’, ’entertainment’, ’travel’, ’health’, ’news’, ’services’,’shopping’,’social’, ’food’,
’academic’, ’government’, ’finance’).

Each task is used as a search query in DuckDuckGo using SerpAPI, after which the top 20 search
results are collected and added to the dictionary of URLs, under the category that the search query
was sampled from, resulting in 6,676 unique page links.

As the first part of the task generation process, each link is processed to truncate them down to the
parent domain and first path level. The link is opened with Playwright and a screenshot is taken. The
link and screenshot are passed to the VLM with the following prompt to extract the page content and
check if the page is inaccessible.

Page Content Extraction Prompt

You are an expert web page analyzer. Analyze the given website and screenshot and extract all
useful information in detail. If the page is blocked (e.g. 403, 404, has captcha, etc.), directly
return ’blocked’. Otherwise, return a detailed description of the page content.

The extracted page content then forms part of the prompt to the VLM to extract detailed information
on the page tailored specifically for the task generation LLM’s use. At this stage, if a page is blocked,
we skip it.
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Page Information Extraction Prompt

You are an expert web page analyzer. Analyze the given website and screenshot and extract
all useful information for task generation.

URL: {url}
Category: {category}
Page Content: {page content}

Based on the URL, category, and page content above, provide a comprehensive summary of:
1. Website type and purpose - its primary intended use cases, problems that can be solved on
this site
2. Navigation structure and key sections
3. Interactive elements (buttons, forms, links, etc.)
4. Content types present (articles, product listings, archives, etc.)
5. Anything unusual or unique to this site
6. IGNORE any cookie notices, privacy popups, log in buttons, site errors, ads, or other
elements not specific to the site’s function.

Focus on information that would be useful for generating problems for web automation to
solve. Think about what human users might want to achieve on this website.
Provide a clear, structured summary that captures these essential aspects of the website for
task generation purposes.

The resulting detailed page description forms {info summary}, part of the task generation prompt.
Each prompt also contains {examples section}, a random selection of 5 example tasks from Q0, the
seed dataset. Examples are pulled from the same task category that the current page belongs to.

Initial Task Generation Prompt

You are an expert generator of task problems for web automation. Based on the website
analysis and screenshot, generate 10 diverse task problems that a web agent could solve on
this website.

URL: {url}
Category: {category}

IMPORTANT: Generate direct, actionable problems with a solution. Task problems should
be specific and achievable.

Generate exactly 10 diverse, direct instruction task problems that:
1. Have a clear, specific objective; a problem to solve
2. Are achievable within the website’s scope
3. Test diverse skills like navigation, information gathering, information synthesis in order to
solve problems
4. Require multiple steps to solve, not a single action
5. Have measurable, verifiable success criteria; avoid vague, unverifiable tasks like ’Read a
paragraph’ or ’Explore a page’. Instead, focus on a clear, deliberate end goal.
6. IMPORTANT: Do NOT write tasks that contain overly specific instructions like ’Click on
X...’ or ’Type X...’. These are not problems to be solved. The task problem should not direct
the agent on what to do, but rather what to achieve.
7. Are distinct, not related to each other, and do not require knowledge or completion of
previous task problems.

For each task problem, provide:
- Task problem description (direct instruction with specific requirements)
- Expected outcome (what should be accomplished, what condition needs to be checked to
indicate success)
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- Difficulty level (easy/medium/hard)

{examples section}

Format your response as exactly 10 tasks, one per line, with this structure:
1. [Task Description] | [Expected Outcome] | [Difficulty]
2. [Task Description] | [Expected Outcome] | [Difficulty]
3. [Task Description] | [Expected Outcome] | [Difficulty]

Example format:
1. Find a news article about climate change published in the last week | Should locate and
display a recent climate change article | Easy
2. Search for iPhone 12 Pro with price below $800 | Should have navigated to a page for
iPhone 12 Pro models under $800 | Medium
3. Book a hotel in New York for 2 people for next weekend | Should find and select a specific
hotel for 2 people | Medium
4. Find the top 3 customer reviews for Nike running shoes | Should locate and display a page
showing the top 3 reviews | Easy
5. Compare prices of Samsung Galaxy phones between $500-700 | Should find a page
comparing multiple Samsung phones in that price range | Medium
6. Find the paper with the most citations under the Computer Science category | Should
identify and display the page of an AI paper | Hard

Respond only with the 10 tasks in the specified format, no additional text.

Website Analysis: {info summary}

The tasks generated by the LLM in this first pass contain some poor-quality tasks that are overly
specific and not similar to tasks undertaken by human users.

To refine these tasks, each generated task is passed to the LLM again with a prompt to rewrite the
task if necessary. The prompt is based on the one used in ZeroGUI’s (Yang et al., 2025) new task
generation pipeline.

Task Refinement Prompt

You will be given a task instruction. Please refine it with the following requirements:

1. Imitate the speech style of a human user. Make it more natural and diverse.
2. Remove specific hints on how to achieve the task. (e.g. press which button, click which
link, etc.)
3. The task should remain unambiguous and clear, and the task’s goal must remain the same.

For example, you should refine:
”Use the ”Price range” filter on the Ryanair website to limit the flight options to $50-100.”
into:
”Find flights from London to Paris with a price range of $50-100.”
or
”I only have a limited budget for flights. Could you help find flights from London to Paris
with a price range of $50-100.”

You should refine:
”Import email messages from another email program by clicking the ”Import” button under
the ”Import from Another Program” section.”
into:
”Please import email messages from another email program.”
or
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”I have some emails in my other email program. Could you help me import them into
Thunderbird?”

You should refine:
”Click on the ”About Us” link to learn more about the company’s history and mission.”
into:
”Please provide information about the company’s history and mission.”
or
”Find an ”About Us’ or similar page on the website that describes the company’s history and
mission.”

The original instruction is:
{instruction}
Refine it and return the refined instruction text in this exact format:

ORIGINAL: [the original instruction]
REFINED: [the refined instruction]

THE USE OF LARGE LANGUAGE MODELS

We employed large language models in two limited capacities: first, to polish drafts for grammar,
clarity, and flow without changing the scientific content; second, to provide lightweight debugging
assistance. All algorithmic designs, experiments, analyses, and claims originate from the authors.
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