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Abstract001

The remarkable progress of vision–language002
models (VLMs) has enabled GUI agents to in-003
teract with computers in a human-like manner.004
Yet real-world computer-use tasks remain diffi-005
cult due to long-horizon workflows, diverse in-006
terfaces, and frequent intermediate errors. Prior007
work equips agents with external memory built008
from large collections of trajectories, but re-009
lies on flat retrieval over discrete summaries010
or continuous embeddings, falling short of the011
structured organization and self-evolving char-012
acteristics of human memory. Inspired by the013
brain, we propose Hybrid Self-evolving Struc-014
tured Memory (HYMEM), a graph-based015
memory that couples discrete high-level sym-016
bolic nodes with continuous trajectory embed-017
dings. HYMEM maintains a graph structure018
to support multi-hop retrieval, self-evolution019
via node update operations, and on-the-fly020
working-memory refreshing during inference.021
Extensive experiments show that HYMEM022
consistently improves open-source GUI agents,023
enabling 7B/8B backbones to match or surpass024
strong closed-source models; notably, it boosts025
Qwen2.5-VL-7B by +22.5% and outperforms026
Gemini2.5-Pro-Vision and GPT-4o. Our code027
and data will be publicly released.028

1 Introduction029

Benefiting from the strong perception and plan-030

ning capabilities of large vision–language mod-031

els (VLMs), VLM-based graphical user interface032

(GUI) agents have emerged as a promising direc-033

tion for automating interactions on desktop and mo-034

bile platforms. To follow user instructions, these035

agents should interpret visual and linguistic con-036

text, reason and plan over dynamic layouts, predict037

and execute precise actions (e.g., clicking and typ-038

ing) (Qin et al., 2025; Hong et al., 2023). However,039

the long-horizon and highly diverse nature of real-040

world computer-use tasks still makes human-level041

performance challenging: current GUI agents of-042

ten fail due to non-trivial intermediate errors or 043

overlooking critical conditions (Yang et al., 2025). 044

To mitigate these limitations, recent work draws 045

inspiration from the human brain’s memory mech- 046

anisms and equips GUI agents with external mem- 047

ory modules (Wu et al., 2025b; Zhang et al., 2023). 048

Humans can automatically store, organize, and up- 049

date experiences—whether observed from others 050

or acquired firsthand—and retrieve relevant mem- 051

ories as references when needed (Williams et al., 052

2022). Similarly, existing approaches collect an 053

agent’s past trajectories into a database (i.e., an ex- 054

perience memory), where each item’s multimodal 055

content is either distilled into discrete tokens (e.g., 056

sentences or key phrases) (Ouyang et al., 2025) or 057

compressed into continuous embeddings (Wu et al., 058

2025a). At inference time, the agent retrieves rele- 059

vant items via similarity matching and uses them 060

to construct complementary context as a working 061

memory for the current instruction. 062

Despite these advances, current agent memory 063

designs remain far weaker than human memory, 064

particularly in how they organize knowledge and 065

evolve it over time. The brain can preserve fine- 066

grained evidence for reconstructing multimodal 067

episodes, associate them with higher-level con- 068

cepts or strategies for efficient search and rea- 069

soning, and continuously update as new experi- 070

ences arrive. Neurobiological evidence suggests 071

that human memory operates as a hybrid system: 072

the hippocampus encodes rich multimodal experi- 073

ences into continuous latent representations (Spens 074

and Burgess, 2024a), while the neocortex extracts 075

statistical regularities and forms higher-level dis- 076

crete symbols (McClelland et al., 1995). New 077

experiences are then linked to existing knowl- 078

edge and only the novel information needs to be 079

stored (Spens and Burgess, 2024b). This struc- 080

tured organization supports long-term retention of 081

massive multimodal details while enabling efficient 082

retrieval, reasoning, and continual evolution. 083
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Method Data Form MM Struct. Global Up. Local Up.

MemGPT Discrete ✗ ✗ ✗ ✓

ExpeL Discrete ✗ ✗ ✓ ✗

ReasoningBank Discrete ✗ ✗ ✓ ✗

AWM Discrete ✗ ✗ ✓ ✗

A-MEM Discrete ✗ ✓ ✓ ✗

G-Memory Discrete ✗ ✓ ✓ ✗

CoMEM Continuous ✓ ✗ ✗ ✗

HYMEM Hybrid ✓ ✓ ✓ ✓

Table 1: Comparison of Memory Paradigms. Abbrevi-
ations: MM: Multimodal support; Struct.: Structured
organization; Up.: Update. Methods are compared by
data form, MM, and structure, as well as Global (self-
evolution) and Local (working memory refresh) updates.

Inspired by the human brain, we aim to build a084

hybrid structured external memory that organizes085

knowledge more effectively and supports flexible086

updates and self-evolution over time. Concretely,087

we first construct a hybrid graph-based memory088

from agent trajectories by merging trajectories into089

higher-level nodes with discrete symbolic seman-090

tics, while continuous embeddings of the trajectory091

are used to preserve fine-grained multimodal ev-092

idence. Building on this structure, we design a093

graph evolution and update mechanism that can094

add, update, and replace nodes as new trajectories095

arrive, enabling the memory to accumulate knowl-096

edge without uncontrolled growth. During infer-097

ence, we further introduce an on-the-fly working-098

memory update that detects execution phase shifts099

and triggers re-retrieval and refreshing, allowing100

multi-turn interaction between the agent and the101

memory database throughout long-horizon tasks.102

Based on these designs, we propose Hybrid103

Self-evolving Structured Memory (HYMEM), a104

graph-based external memory that tightly couples105

symbolic guidance with multimodal experience to106

improve planning and grounding for GUI agents.107

Empirically, HYMEM consistently boosts open-108

source GUI agents across multiple benchmarks,109

and can enable lightweight 7B/8B-scale backbones110

to match or surpass strong closed-source models.111

For example, it improves Qwen2.5-VL 7B (Bai112

et al., 2025b) by +22.5% (12.5% to 35.0%), ex-113

ceeding Gemini2.5-Pro-Vision (Google, 2023) by114

5.4%, and GPT-4o (OpenAI, 2024) by 15.3%. Sim-115

ilar gains are observed on UI-TARS-1.5-7B (Qin116

et al., 2025) and Qwen3-VL-8B (Bai et al., 2025a),117

demonstrating HYMEM as a cost-effective path to118

state-of-the-art GUI agents.119

2 Related Work 120

GUI Agents. Early GUI agents primarily re- 121

lied on HTML or DOM parsing to ground ac- 122

tions (Deng et al., 2023; Zheng et al., 2024), but the 123

field has rapidly shifted toward Vision-Language 124

Models (VLMs) capable of perceiving screens visu- 125

ally (Hong et al., 2023; Qin et al., 2025). While au- 126

tonomous frameworks like AppAgent (Zhang et al., 127

2023) integrate these vision experts into closed- 128

loop systems, maintaining consistency across long- 129

horizon, open-ended tasks remains a significant 130

challenge. This bottleneck has driven recent re- 131

search toward equipping agents with external mem- 132

ory systems (Hu et al., 2025b), allowing them to 133

retain long-term context and generalize from his- 134

torical interactions rather than relying solely on 135

immediate perception (Hu et al., 2025a). 136

Language Model Memory. Current memory 137

mechanisms generally fall into discrete, continuous, 138

or graph-based paradigms. Discrete approaches 139

log experiences as textual summaries (Packer et al., 140

2024) or reasoning traces (Ouyang et al., 2025); 141

while interpretable, they often fail to capture the 142

fine-grained visual nuances of GUI elements (Luo 143

et al., 2025). Conversely, continuous memories 144

compress multimodal inputs into dense embed- 145

dings (Wu et al., 2025a,b) or latent tokens (Zhang 146

et al., 2025b), preserving sensory details but cre- 147

ating an information bottleneck that hinders ex- 148

plicit reasoning. To improve organization, graph- 149

based systems (Xu et al., 2025; Zhang et al., 2025a) 150

structure knowledge as connected nodes, enabling 151

agents to perform multi-hop retrieval and reasoning 152

beyond similarity matching (Shen et al., 2025). 153

Hybrid architectures attempt to merge these for- 154

mats to balance abstraction with detail. However, 155

existing hybrid methods like ExpeL (Zhao et al., 156

2024) often remain purely token-based, pairing tra- 157

jectories with textual insights but potentially miss- 158

ing visual fidelity. In contrast, our HYMEM orga- 159

nizes discrete textual insights (capturing high-level 160

strategies) and continuous embeddings (preserv- 161

ing fine-grained multimodal details) within a graph 162

structure, ensuring the agent possesses both strate- 163

gic abstraction and precise perceptual grounding. 164

3 Methodology 165

We propose Hybrid Self-evolving Structured 166

Memory (HYMEM), a graph-based external mem- 167

ory for guiding GUI agents. It is a brain-inspired 168
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Figure 1: Overview of the Hybrid Self-Evolving Memory (HYMEM) system. Top: memory construction via
graph evolution, where new trajectories are integrated using retrieval and VLM-based redundancy checks. Bottom:
four inference phases—(1) Query & Retrieve via structured graph expansion, (2) Working Memory Initialization
using hybrid encoding, (3) Agent Execution, and (4) On-the-fly Working Memory Refresh based on new observations.

hybrid memory system with a hippocampal-like169

Continuous Pathway that encodes trajectories as170

latent embeddings and a neocortical-like Discrete171

Pathway that extracts symbolic schemas for high-172

level concepts. Based on that, HYMEM organizes173

the memory into an evolving graph, enabling struc-174

tured search to gather diverse related experiences,175

and continuously self-evolution for global updates176

and on-the-fly local refresh during execution.177

3.1 Hybrid Structured Memory178

Graph Schema. We maintain the memory as an179

evolving graph G = (V,E), where V and E denote180

the set of nodes and edges.181

The node set V consists of Trajectory Nodes,182

where each node vi ∈ V represents a specific, suc-183

cessful interaction sequence. To support both high-184

level planning and low-level execution, we define185

each node as a tuple vi = (ci, Ai,mi):186

• High-level Strategy (ci): A heuristic summariz-187

ing the core strategy (e.g., price filter low-to-high).188

• Middle-level Attributes (Ai): A semantic tag189

(e.g., #search, #filter, $price) providing cues190

about actions, UI elements, and domain concepts.191

• Low-level Trajectory Embeddings (mi): The192

continuous representations of the trajectory, to pre-193

serve fine-grained multimodal details.194

We establish undirected edges between trajec-195

tory nodes that share identical Middle-level At- 196

tributes. This design yields an associative topology 197

that supports multi-hop structured search. 198

Node Encoding. To guarantee the efficiency and 199

low cost, we leverage lightweight VLMs (i.e., 200

Qwen2.5-VL-7B), for encoding the three types of 201

nodes. For trajectory embedding nodes, we use 202

CoMEM (Wu et al., 2025a,c) to condense the whole 203

trajectory into 8 embeddings that can be directly 204

concatenated into GUI agent embedding layers for 205

reading. For strategy nodes, we prompt a VLM to 206

summarize a concise heuristic describing the high- 207

level strategy behind the trajectory, based on its 208

task description and action sequence. For attribute 209

nodes, we then extract word- and phrase-level se- 210

mantic tags from the generated strategy using the 211

same VLM. In this way, the strategy and attribute 212

node representations are discrete word tokens, and 213

the trajectory nodes are continuous embeddings. 214

3.2 Memory Construction via Self-Evolving 215

We construct the memory in a self-evolving man- 216

ner: as new trajectories arrive, the memory graph is 217

incrementally refined to add new nodes and update 218

existing structures. To control memory quality, 219

we adopt a three-stage pipeline for adding each 220

new trajectory: retrieving relevant nodes, check- 221
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ing redundancy via information gain, and applying222

structured update.223

Relevant Nodes Retrieval. Given a new trajec-224

tory τ = [q, o1, a1, · · · ], we retrieve a small set of225

related nodes to serve as the comparison context226

for subsequent updates. Concretely, we construct227

the semantic vector for each trajectory by concate-228

nating the normalized CLIP representations of the229

text query q and the first observation o1:230

v = [CLIPtxt(q);CLIPimg(o1)] (1)231

where CLIPtxt and CLIPimg denote the text and im-232

age encoders of CLIP (Radford et al., 2021). Then,233

we use FAISS (Johnson et al., 2017) to perform234

nearest-neighbor search based on cosine similarity235

to obtain the top-K most similar trajectory nodes236

(and their linked attribute/strategy nodes).237

Redundancy Checking. Similarity cannot distin-238

guish whether a new trajectory provides sufficient239

information gain in current memory. We therefore240

introduce a redundancy check using a VLM judge.241

Conditioned on the new trajectory and the re-242

trieved neighbors (along with their first screenshots243

for visual context), the judge evaluates: (i) whether244

the new trajectory represents a genuinely different245

strategy not covered by existing nodes (ADD), (ii)246

whether it describes the same strategy as an exist-247

ing node but can improve the existing takeaway by248

incorporating complementary insights (MERGE),249

or (iii) whether it covers the same strategy but250

is strictly superior in specificity and actionabil-251

ity, warranting replacement of the existing node252

(REPLACE). This decision explicitly measures the253

marginal utility of storing the trajectory and drives254

the subsequent structured update operation.255

Memory Update. Based on the judge results, we256

update the graph by following operations:257

• ADD: If the trajectory introduces new at-258

tributes or a previously unseen strategy, we create259

the corresponding strategy and/or attribute nodes260

(if missing), insert the new trajectory embedding261

node, and connect it to its attributes and strategy.262

• MERGE: If the trajectory matches an exist-263

ing strategy but provides complementary evidence264

(e.g., a new UI variant or a different action path),265

we attach the new trajectory node to the matched266

attribute nodes and update the associated strategy267

node by consolidating newly observed attributes.268

• REPLACE: If the trajectory is a strictly better269

instance of an existing strategy (e.g., fewer steps,270

higher success, or fewer risky actions under the 271

same conditions), we replace the outdated trajec- 272

tory evidence and refresh the attribute connections 273

to reflect the improved execution. 274

After node updates, we evolve the graph con- 275

nectivity by instantiating or strengthening edges 276

between strategy and attribute nodes according to 277

newly observed co-occurrences. This continual re- 278

finement encourages stable regularities to emerge 279

over time, making the memory increasingly co- 280

herent, less redundant, and easier to retrieve via 281

associative multi-hop search. 282

3.3 Memory Utilization 283

Based on the constructed hybrid structured mem- 284

ory, we maintain an agent working memory as dy- 285

namic inference-time context that guides execution 286

and can be refreshed as the GUI state evolves. Con- 287

cretely, we first retrieve relevant experiences from 288

the global memory to initialize the working mem- 289

ory, and then update it on-the-fly whenever the task 290

transitions into a new interaction phase. 291

Structured Retrieval. We start by identifying 292

a set of high-relevance seed nodes via semantic 293

matching (Eq. 1). Specifically, we perform k- 294

nearest neighbor search with the multimodal query 295

embedding v against the stored node embeddings 296

to obtain an initial candidate set Ñ . To improve 297

coverage beyond surface-level similarity, we ex- 298

pand retrieval through the graph: for each seed 299

node n ∈ Ñ , we collect its 1-hop neighbors, re- 300

rank them by cosine similarity to v, and add the 301

top-k neighbors into Ñ . Since these neighbors of- 302

ten capture conceptually necessary knowledge that 303

may not be visually similar to the current screen, 304

we repeat this expand-and-rerank procedure for t 305

iterations, resulting in a diverse yet relevant set of 306

nodes for constructing the working memory. 307

Working Memory Initialization. Given the re- 308

trieved node set Ñ , we form the working memory 309

in two complementary views. First, we digest the 310

associated strategy and attribute nodes into con- 311

cise Guidance Instructions using a VLM, which 312

filters irrelevant details and synthesizes actionable, 313

strategy-level advice; these instructions are injected 314

into the system prompt to steer high-level planning. 315

Second, following CoMEM (Wu et al., 2025c,a), 316

we concatenate the corresponding continuous tra- 317

jectory embeddings with the VLM input to pro- 318

vide implicit access to fine-grained visual/action 319
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evidence. Together, the discrete Guidance Instruc-320

tions act as a semantic anchor that primes attention,321

while the continuous embeddings preserve details322

that are difficult to express textually, enabling more323

grounded and reliable action prediction.324

On-the-fly Working Memory Refresh. Because325

GUI tasks can change substantially after certain326

actions, a fixed retrieved context can quickly be-327

come stale. We therefore enable on-the-fly local328

evolution during agent inference. After each action,329

a VLM compares the transition (ot → ot+1) with330

the current Guidance Instructions to detect phase331

shifts (e.g., from “search” to “checkout”). When a332

shift is detected, the VLM further determines which333

parts of the current working memory should be pre-334

served (e.g., long-term goals and constraints) and335

which should be discarded. We then rerun retrieval336

conditioned on the updated state, merge newly re-337

trieved guidance with the preserved takeaways, and338

refresh both the Guidance Instructions and the con-339

tinuous embeddings. This cyclic update keeps the340

context compact and relevant, ensuring that the341

agent remains synchronized with the evolving GUI342

environment throughout long-horizon execution.343

4 Experiments344

4.1 Experiment Settings345

This section presents our experimental setup, in-346

cluding the agent’s action interface, memory con-347

struction and retrieval settings, evaluation bench-348

marks, and baseline comparisons.349

Action Interface. Our agent follows a ReAct-350

style paradigm, combining structured reasoning351

with tool-based execution. The model accepts352

screenshot multimodal inputs and interacts with353

a predefined toolset comprising GUI tools (e.g.,354

CLICK, TYPE, SCROLL PAGE, WAIT, GO BACK, STOP)355

and semantic tools (e.g., Page Content Analyzer,356

Change Page). To support accurate grounding (e.g.,357

clicking or typing on specific UI elements), we358

adopt a two-stage approach:359

• Stage 1: Screenshots are augmented using360

a SOM-based method, which assigns unique361

labels to UI elements. The agent generates362

references based on these labels.363

• Stage 2: If the agent fails to produce a valid364

label, we fall back to UI-INS-7B (Chen et al.,365

2025), a robust vision-language grounding366

model, to resolve the location.367

This hybrid mechanism ensures robust and reliable 368

UI interaction, especially in visually complex or 369

dynamic web environments. 370

Memory Settings. We collect a total of 2,883 371

successful trajectories from the following sources: 372

GUIAct (Chen et al., 2024): A curated set of 373

successful agent behaviors; Mind2Web Training 374

Set (Deng et al., 2023; Zheng et al., 2024): Human- 375

annotated demonstrations; Agent Rollouts: High- 376

confidence trajectories generated by our own agent 377

during training. In the impact of memory size abla- 378

tion study 4.3.2, we also include trajectories from 379

the automated data flywheel(Wu et al., 2025c) to 380

expand the memory graph. To support structured 381

and scalable retrieval, we organize the trajectories 382

into a graph: Each node represents one or more 383

similar trajectories, annotated with metadata such 384

as task descriptions, strategy, and attributes. Edges 385

are created between nodes that share overlapping 386

tags. The final graph we used in the main table 387

2 contains 1,858 nodes and over 1 million edges. 388

Some trajectories are merged into the same node for 389

redundancy reduction. At inference time, the agent 390

retrieves 10 relevant trajectories with the structured 391

retrieval method introduced in 3.3: Top-5 trajecto- 392

ries are selected as seed nodes based on multimodal 393

(visual + text) similarity to the current input. The 394

remaining 5 are selected via graph expansion by 395

taking 1-hop neighbors of the seed nodes. 396

Training Recipes. we perform parameter- 397

efficient fine-tuning on the Q-Former and LoRA 398

layers within the VLM memory encoder, and only 399

1.2% of the total model parameters are updated 400

during training. Empirically, we observe that 401

training converges rapidly, and a single epoch is 402

sufficient to achieve strong performance. More 403

details about training settings can be found in A. 404

Evaluation Benchmarks. We evaluate our ap- 405

proach on three challenging multimodal web- 406

agent benchmarks: WebVoyager (He et al., 2024), 407

Multimodal-Mind2Web (Deng et al., 2023; Zheng 408

et al., 2024), and MMInA (Tian et al., 2025). 409

For evaluation on WebVoyager and Multimodal- 410

Mind2Web, we adopt the LLM-as-Judge proto- 411

col (He et al., 2024), where we feed the task de- 412

scription and screenshot trajectory to a VLM to 413

determine if the task was successfully completed. 414

For MMInA, we compare the model’s final answer 415

with the ground truth using a language model. We 416

report Task Accuracy as the primary metric. 417
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To assess the effectiveness of our proposed418

memory-augmented framework, we compare the419

performance against the following baselines:420

Closed-Source Base Models: GPT-4o (OpenAI,421

2024), Gemini2.5-Pro-Vision (Google, 2023), and422

Claude-4 (Anthropic, 2025), to provide a compari-423

son with strong proprietary base model capabilities.424

Open-Source Base Models: We select a di-425

verse set of open-source models to evaluate per-426

formance across different scales and adaptations.427

This includes large-scale models like Qwen2.5-VL-428

32B (Bai et al., 2025b), and task-specific models429

such as CogAgent (Hong et al., 2023) and Web-430

Sight (Bhathal and Gupta, 2025). Additionally, we431

evaluate on smaller LLMs including Qwen2.5-VL-432

7B (Bai et al., 2025b), Qwen3-VL-8B (Bai et al.,433

2025a), and UI-TARS-1.5-7B (Qin et al., 2025),434

which serve as the foundation for our experiments.435

Open-Source + Memory-Augmented Models:436

• Textual Memory: ReasoningBank (Ouyang437

et al., 2025) and Agent Workflow Memory438

(AWM) (Wang et al., 2024) are advanced text-439

based memory methods. They distill experi-440

ence from past trajectories in the form of tok-441

enized textual prompts, serving as a baseline442

to assess the impact of text-based memory.443

• Discrete Memory: Our graph-based retrieval444

system retrieves relevant trajectories and di-445

gests these experiences using a VLM to pro-446

vide contextual guidance for the current state.447

• Continuous Memory: Following (Wu et al.,448

2025c), we encode multimodal trajectory data449

into continuous embeddings, evaluating the450

benefits of rich, multimodal memory represen-451

tations for complex agent tasks.452

• Hybrid Memory: A fusion of discrete and con-453

tinuous memory that allows for dynamic mem-454

ory updating during task execution.455

All results in Table 2 are based on our own im-456

plementation. We maintain consistent environment457

setup, task sampling, and evaluation criteria across458

all models to ensure fair comparisons.459

4.2 Result Analysis460

Table 2 compares task success rates across three461

benchmarks. The results highlight the impact of462

different memory strategies across various base463

models. Notably, HyMEM consistently improves464

performance and even outperforms strong closed- 465

source models like GPT-4o and Gemini2.5-Pro- 466

Vision. Without memory, open-source baselines 467

such as Qwen2.5-VL-7B and Qwen3-VL-8B per- 468

form not well, achieving 12.5% and 21.9% respec- 469

tively. Larger or specialized models like Qwen2.5- 470

VL-32B, CogAgent, and WebSight also struggle, 471

indicating that model scale or task-specific fine- 472

tuning alone is insufficient for long-horizon web 473

tasks. Adding advanced textual memory sum- 474

maries (e.g., Reasoning Bank, AWM) yields moder- 475

ate gains (e.g., +5.0%, +0.6% on Qwen2.5-VL-7B), 476

but these methods are limited by their unimodal 477

nature and lack of memory management mecha- 478

nisms like updating or pruning. Consequently, they 479

often fail to capture the rich, evolving context re- 480

quired for robust reasoning in complex environ- 481

ments. In contrast, both Discrete and Continuous 482

memory individually offer consistent gains. For in- 483

stance, Qwen2.5-VL-7B improves from 12.5% to 484

17.0% (Discrete) and 21.7% (Continuous); Qwen3- 485

VL-8B shows similar trends. However, neither 486

method alone is universally effective. For example, 487

UI-TARS-1.5-7B performs better with continuous 488

memory than with discrete memory, highlighting 489

the complementary strengths of them. 490

The HyMEM approach, which combines dis- 491

crete high level concepts with continuous multi- 492

modal representations, achieves the best results 493

across all open-source models. Qwen2.5-VL-7B 494

+ Hybrid reaches 35.0% (+22.5%), outperforming 495

Claude-4 in domains like Travel and Wikipedia, 496

and surpasses GPT-4o and Gemini2.5-Pro-Vision 497

in average. Qwen3-VL-8B and UI-TARS-1.5-7B 498

also achieve their highest scores with HyMEM. 499

These findings demonstrate that Hybrid Memory 500

enables agents to reason wisely in the detailed mul- 501

timodal context, which is a key capability for solv- 502

ing complex and multi-step web tasks. 503

4.3 Further Analysis 504

4.3.1 Memory Self-evolving Analysis 505

We evaluate the self-evolving mechanisms of 506

HYMEM by comparing a static-memory base- 507

line with the self-evolving variant on Amazon and 508

Google Maps domains. As shown in Figure 2, we 509

isolate the contributions of global evolution, the 510

long-term consolidation, and local evolution, the 511

working memory adaptation. 512

Global evolution drives continuous learning by 513

integrating successful experiences into reusable 514
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WebVoyager Mind2Web MMInA Overall
Backbone Model/Method Amz Cour Recp Map Info Svc Ent Trav Wiki

Closed-Source
GPT-4o 24.4% 7.1% 13.3% 36.6% 7.8% 14.1% 3.4% 19.4% 51.0% 19.7%
Gemini-Pro-Vision 41.7% 42.9% 20.0% 53.7% 16.7% 22.4% 0.0% 19.4% 50.0% 29.6%
Claude-4 63.4% 28.6% 33.3% 70.0% 25.6% 40.0% 6.9% 9.7% 52.0% 36.6%

Open-Source

Qwen2.5-VL-32B 46.3% 26.2% 6.7% 29.3% 14.1% 20.0% 6.9% 9.7% 43.0% 22.5%
CogAgent 12.2% 9.5% 26.7% 9.8% 24.4% 8.2% 13.8% 16.1% 21.0% 15.7%
Websight 24.4% 4.8% 13.3% 29.3% 10.3% 3.5% 3.4% 0.0% 12.0% 11.2%

UI-TARS-1.5-7B

Baseline 31.7% 16.7% 20.0% 31.7% 6.4% 4.7% 6.9% 0.0% 36.0% 17.1%
+ Reasoning Bank 0.0% 11.9% 6.7% 12.2% 7.7% 8.2% 3.7% 6.7% 44.0% 11.2%
+ AWM 4.9% 7.1% 4.4% 14.6% 10.3% 3.5% 3.7% 3.3% 26.0% 8.6%
+ Discrete 19.5% 16.7% 8.9% 17.1% 11.5% 8.2% 7.4% 3.4% 46.0% 15.4%
+ Continuous 43.9% 33.3% 24.4% 43.9% 16.7% 28.2% 10.3% 3.2% 54.0% 28.7%
+ HyMEM 58.5% 28.6% 26.7% 53.7% 16.7% 25.9% 10.3% 6.5% 54.0% 31.2%

Qwen2.5-VL-7B

Baseline 14.6% 2.4% 15.9% 16.7% 9.0% 11.8% 0.0% 4.4% 38.0% 12.5%
+ Reasoning Bank 29.3% 9.5% 6.7% 29.3% 9.0% 20.0% 3.4% 6.5% 44.0% 17.5%
+ AWM 17.1% 4.8% 11.1% 29.3% 7.7% 10.6% 0.0% 6.5% 31.0% 13.1%
+ Discrete 22.0% 21.4% 8.9% 31.7% 9.0% 12.9% 10.3% 3.2% 34.0% 17.0%
+ Continuous 24.4% 17.1% 8.9% 34.1% 16.7% 23.5% 10.3% 12.9% 47.0% 21.7%
+ HyMEM 63.4% 54.8% 20.0% 53.7% 17.9% 23.5% 3.4% 22.6% 56.0% 35.0%

Qwen3-VL-8B

Baseline 36.6% 16.7% 13.3% 43.9% 9.0% 20.0% 10.3% 9.7% 38.0% 21.9%
+ Reasoning Bank 36.6% 11.9% 17.8% 31.7% 10.3% 24.7% 17.2% 6.5% 48.0% 22.7%
+ AWM 39.0% 19.0% 8.9% 31.7% 12.5% 16.5% 6.9% 16.1% 48.0% 22.1%
+ Discrete 31.7% 16.7% 15.6% 31.7% 11.5% 16.5% 13.8% 16.1% 38.0% 21.3%
+ Continuous 43.9% 19.0% 17.8% 34.1% 12.5% 17.9% 3.4% 19.4% 42.0% 23.3%
+ HyMEM 46.3% 19.0% 26.7% 39.0% 17.9% 20.0% 6.9% 25.8% 47.0% 27.6%

Table 2: Task success rates (%) across WebVoyager, Mind2Web, and MMInA. Bolded entries indicate best-
performing open-source models in each domain. Overall is averaged across available domains.
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Figure 2: Success rate comparison between static mem-
ory and self-evolving HYMEM. (a): Global evolution.
(b): Local evolution via working memory refresh.

strategies. As shown in Figure 2 (a), this yields sub-515

stantial relative gains: ∼25% on Amazon (48.8%516

→ 61.0%) and ∼16.6% on Google Maps (43.9% →517

51.2%). Our VLM-based deduplication balances518

growth with compression, where half of success-519

ful trajectories (e.g., 52% on Google Maps) trigger520

UPDATE operations to merge existing strategies521

rather than creating redundant nodes. This loop re-522

fines the memory without uncontrolled expansion,523

enabling continual learning in application.524

Local evolution adapts the agent’s working con-525

text to shifting UI states. Figure 2 (b) highlights526

consistent performance improvements, such as a 527

∼15% gain on Amazon. Empirically, the agent trig- 528

gered Dynamic Relevance Assessment frequently 529

(e.g., 39 times on Google Maps) to detect work- 530

flow “phase shifts.” For instance, in a task finding 531

EV charging near museums, HYMEM successfully 532

identified the transition from generic navigation to 533

specific filtering, explicitly reasoning that the task 534

phase had changed. This active context manage- 535

ment maintains high relevance throughout long- 536

horizon tasks, whereas the static baseline fails as 537

context drifts from the initial retrieval. 538

4.3.2 Impact of Memory Size 539

To investigate the scaling behavior of our hybrid 540

graph memory system, we analyze three aspects: 541

(i) how performance improves with larger memory 542

graphs; (ii) how adding more memory items influ- 543

ences success; and (iii) how efficiently our graph 544

representation compresses redundant trajectories. 545

Size of Memory Graph As shown in Table 3, 546

increasing the size of the memory graph leads to 547

consistent gains in task success across domains. 548

For instance, in the Amazon domain, scaling the 549

memory from 500 to 1,000 trajectories boosts suc- 550
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cess from 19.5% to 31.7%, while using the largest551

graph (8,000 examples) achieves 63.4%. This trend552

demonstrates that larger memory graphs enable553

more effective retrieval of relevant trajectories, en-554

hancing the agent’s performance.555

Number of Retrieved Memory Items Fig-556

ure 3(a) further illustrates this scaling trend by557

showing how success rate improves as we increase558

the number of retrieved memory items. We observe559

steady returns, suggesting that richer memory in-560

puts contribute to better performance.561

Graph Compression Finally, as shown in Fig-562

ure 3(b), our graph memory exhibits a desirable563

compression property by merging semantically sim-564

ilar trajectories into unified nodes. As the number565

of raw trajectories increases, the number of graph566

nodes grows sublinearly, enabling efficient scaling567

without linear memory overhead.568

Memory Size 500 1000 2000 5000 8000

Amazon 19.5% 31.7% 63.4% 65.9% 63.4%
Google Map 31.7% 46.3% 51.2% 51.2% 56.1%
AllRecipes 11.1% 13.3% 13.3% 15.6% 20.0%

Table 3: Impact of Memory Bank Size on Task Success
across different domains. Increasing the number of
stored trajectories significantly improves the retrieval
quality and overall agent success rate.
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Figure 3: (a) Scaling Behavior of Memory Size in Cours-
era domain and (b) Graph Compression Analysis.

4.3.3 Similarity and Diversity Trade-off569

As stated in section 3.3, Graph based retrieval and570

expansion can increase the diversity of retrieved571

trajectories. To investigate the trade-off between572

similarity and diversity in our graph-based memory573

retrieval, we compare three retrieval strategies: (i)574

|Ñinitial| = 10 where all 10 trajectories are retrieved575

solely using FAISS based on multimodal similarity576

to the current task, prioritizing similarity over di-577

versity; (ii) |Ñinitial| = 5, where 5 seed trajectories578

are retrieved via FAISS and the remaining 5 are 579

selected from their 1-hop graph neighbors, keeping 580

the balance between similarity and diversity; and 581

(iii) |Ñinitial| = 1, where only 1 similar trajectory 582

is used as the seed and the other 9 are drawn from 583

the 1-hop neighborhood, prioritizing the diversity. 584

As shown in Table 4, the strategy with 585

|Ñinitial| = 5 achieves the highest overall task suc- 586

cess rate across all three domains (Amazon: 63.4%, 587

Coursera: 54.8%, GMap: 53.7%), outperforming 588

the other two settings. This suggests that combin- 589

ing relevant yet diverse trajectories provides the 590

most effective contextual grounding for the agent. 591

It also highlights the importance of balancing se- 592

mantic similarity and diversity in memory retrieval 593

to support generalizable and effective reasoning. 594

Strategy Amazon Coursera GMap

|Ñinitial| = 5 56.1% 38.1% 53.7%
|Ñinitial| = 10 53.7% 31.0% 46.3%
|Ñinitial| = 1 46.3% 31.0% 48.8%

Table 4: Task success rate under different retrieval strate-
gies, showing the similarity and diversity trade-off.

5 Conclusion 595

Existing GUI agent memory approaches remain 596

limited by flat storage and retrieval that do not 597

support structured organization or continual evolu- 598

tion. To solve it, inspired by human memory, we 599

proposed Hybrid Self-evolving Structured Mem- 600

ory (HYMEM), which unifies discrete high-level 601

symbolic strategy nodes with continuous trajec- 602

tory embeddings in a graph-based memory. This 603

structure enables (i) multi-hop, seed-and-expand 604

retrieval for more informative and diverse context, 605

(ii) self-evolution through node add/merge/replace 606

updates as new trajectories arrive, and (iii) on- 607

the-fly working-memory refreshing during infer- 608

ence to better support multi-turn execution and 609

phase changes. Extensive experiments across mul- 610

tiple benchmarks demonstrate that HYMEM con- 611

sistently strengthens open-source GUI agents and 612

substantially narrows—and in some settings sur- 613

passes—the gap to strong closed-source systems. 614

Looking ahead, the hybrid, self-evolving mem- 615

ory paradigm offers a promising foundation for 616

scalable agent improvement: extending the graph 617

to richer strategy abstractions, improving update 618

policies under distribution shift, and leveraging 619

memory evolution for continual learning. 620
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6 Limitations621

While our proposed method demonstrates strong622

performance gains across multiple benchmarks,623

there are several limitations for further exploration.624

First, although the memory update mechanism625

leverages the base VLM to decide whether an up-626

date is necessary, this approach still relies on heuris-627

tics rather than being fully optimized. A more prin-628

cipled solution—such as training the model with629

reinforcement learning could enable the agent to630

learn when and how to use or update memory more631

effectively, potentially leading to further improve-632

ments. Second, due to limitations in computational633

resources, we were unable to evaluate our method634

on larger-scale models (e.g., 32B or 70B). Inves-635

tigating the scalability of our approach with more636

powerful backbones remains an important direction637

for future work.638

7 Ethical considerations639

This work focuses on enhancing the memory and640

reasoning capabilities of open-source GUI agents.641

All experiments are conducted using publicly ac-642

cessible websites and publicly available datasets643

that are commonly used in prior research. Our644

data collection and evaluation procedures strictly645

adhere to website usage policies and do not involve646

any login-protected content, private user data, or647

actions that would violate terms of service. As648

such, our work does not present any privacy risks649

or ethical concerns in its current form.650

However, in real-world applications, deploying651

autonomous agents capable of interacting with web652

interfaces at scale necessitates careful safeguards.653

Without proper constraints, such agents could un-654

intentionally perform harmful or unauthorized ac-655

tions. We admit it is crucial to incorporate robust656

safety mechanisms, access controls, and ethical657

oversight when applying this technology beyond658

controlled research settings.659
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A Implementation Details830

Evaluation Benchmarks We evaluate our831

method on three public benchmarks. We introduce832

our detailed settings here:833

• WebVoyager (He et al., 2024): A dataset fo-834

cusing on multimodal reasoning in dynamic835

web environments. We show results on four836

representative websites in the main table 2:837

Amazon (Amz), Coursera (Cour), AllRecipes838

(Recp), and Google Maps (Map).839

• Multimodal-Mind2Web (Deng et al., 2023;840

Zheng et al., 2024): A large-scale benchmark841

with 2,000+ open-ended tasks, which include842

domains and websites not seen during train-843

ing, thereby evaluating the out-of-distribution844

(OOD) generalizability of the agent. We845

skip tasks where the associated website is no846

longer accessible at evaluation time.847

• MMInA (Tian et al., 2025): A real-world848

multistep benchmark requiring multimodal849

reasoning and planning across domains such850

as shopping and travel. We evaluate on the851

Wikipedia domain using the first 100 tasks.852

Continuous Encoder Training For training data,853

we use 1,009 trajectories from the Mind2Web train-854

ing set (Deng et al., 2023), along with 1,000 suc-855

cessful trajectories collected through rollouts by856

our agent. These tasks are generated from pub-857

licly accessible websites such as Amazon, Cours-858

era, Google Maps, and others.859

Using this data, we perform parameter-efficient860

fine-tuning on the Q-Former and LoRA layers861

within the VLM encoder. To improve efficiency,862

we apply LoRA with a rank of 16 and share pa-863

rameters across all layers of the Q-Former. As a864

result, only 1.2% of the total model parameters865

are updated during training. These parameter- and866

data-efficient design choices allow the entire train-867

ing process to be completed within 20 hours on a868

single NVIDIA H100 GPU.869

Empirically, we observe that training converges870

rapidly, and a single epoch is sufficient to achieve871

strong performance. We apply the same train-872

ing strategy across multiple vision-language mod-873

els, including Qwen2.5-VL-7B (Bai et al., 2025b),874

Qwen3-VL-8B (Bai et al., 2025a), and UI-TARS-875

1.5-7B (Qin et al., 2025).876

Figure 4: Visualization of Discrete Memory Update
Flow.

B Additional Qualitative Results 877

Visualization of Hybrid Memory Figure 4 illus- 878

trates the complete workflow of discrete memory 879

within our hybrid memory system, highlighting 880

how it is generated, updated, and utilized during 881

agent execution. The process begins with user task 882

input and environment initialization (Step 1), fol- 883

lowed by the retrieval of relevant past memory from 884

the discrete memory bank (Step 2). This retrieval 885

includes structured takeaways, action traces, and 886

visual references, which are then distilled into ac- 887

tionable guidance (Step 3). 888

As the agent executes actions in the environ- 889

ment, a memory update decision is triggered (Step 890

4). If new knowledge or behaviors are observed, 891

the memory is updated accordingly (Step 5), in- 892

corporating the latest digested guidance. Finally, 893

the agent uses this refined memory to guide subse- 894

quent actions and generate the final answer (Step 6). 895

This workflow enables the agent to continually im- 896

prove its decision-making by leveraging structured, 897

interpretable memory updates throughout the task. 898

Figure 5: t-SNE visualization of continuous memory
embeddings across domains. Each point represents a
stored trajectory embedding, color-coded by domain.

To better understand how hybrid memory or- 899
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ganizes knowledge across domains, we visualize900

the continuous memory embeddings using t-SNE,901

as shown in Figure 5. Each point represents a902

trajectory stored in memory, and colors indicate903

different domains. The clear clustering structure904

demonstrates that the memory embeddings cap-905

ture meaningful semantic distinctions between do-906

mains. For instance, trajectories from Amazon,907

Coursera, and Google Map form well-separated908

clusters, while related domains such as Travel and909

Shopping show some proximity, reflecting shared910

behavioral patterns. This interpretable structure911

supports effective cross-domain retrieval and high-912

lights the advantage of learning unified memory913

representations.914

Case Study In this example 6, the agent is tasked915

with finding a USB-C hub on Amazon that meets916

some specific criteria. The agent powered by917

Qwen2.5-VL-7B + Hybrid Memory successfully918

completes the task by leveraging both current con-919

text and retrieved memory.920

The agent first interprets the goal accurately,921

identifying key constraints such as compatibility,922

port requirements, and price. During execution,923

it recognizes the need to update memory and re-924

trieves relevant trajectories involving similar filter-925

ing and product selection behavior. These include926

both high-level concepts (e.g., filtering by features)927

and low-level UI actions (e.g., selecting “Best Sell-928

ers”). Guided by this contextualized memory, the929

agent efficiently navigates the interface, applies the930

correct filters, and selects a product that meets all931

constraints. This case illustrates how hybrid mem-932

ory enhances reasoning by grounding decisions in933

both semantic and procedural knowledge.934

In contrast, the same task is attempted using the935

Qwen2.5-VL-7B base model without access to hy-936

brid memory 7. Initially, the agent is able to locate937

the search bar and input the query correctly. It also938

selects the sorting option, but fails to apply the nec-939

essary filters: Best Sellers. As the task progresses,940

the model repeatedly opens similar product pages941

without making meaningful progress toward the942

goal. Eventually, it hits the maximum step limit943

without identifying a suitable product. Without ac-944

cess to relevant examples or structured memory,945

the model struggles to decompose the high-level in-946

struction into effective UI actions and loses context947

part way through the task.948

C Prompts Used in HYMEM 949

Guidance Digestion Prompt This prompt is 950

used in HYMEM’s inference-time digestion stage 951

to convert retrieved experience summaries into 952

a compact Guidance Block. As shown in Fig- 953

ure 8, given the current task intent, current screen- 954

shot, and retrieved summaries, it synthesizes task- 955

specific navigation cues (e.g., key actions/filters) 956

while explicitly avoiding termination-related in- 957

structions. 958

Local Self-Evolution Prompt This prompt is 959

used in HYMEM’s inference-time local evolution 960

stage to decide whether the current working mem- 961

ory should be refreshed after each environment 962

transition. As shown in Figure 9, it conservatively 963

distinguishes operational errors (no refresh) from 964

genuine phase shifts (refresh), and identifies which 965

existing takeaways should be preserved when re- 966

retrieving for the new phase. 967

Global Evolution Prompt This prompt is used 968

in HYMEM’s global evolution stage to deduplicate 969

newly observed successful trajectories against ex- 970

isting strategy nodes and decide whether to ADD, 971

UPDATE, or REPLACE a node. As illustrated in 972

Figure 10, the judge leverages both textual meta- 973

data (task/takeaway/tags/domain) and visual con- 974

text (screenshots) and outputs a strict JSON deci- 975

sion for downstream graph updates. 976

D LLM Usage Statement 977

Large Language Models (LLMs) were utilized in 978

this work solely for the purpose of grammatical 979

refinement and language polishing to enhance read- 980

ability. No substantive edits were made to the sci- 981

entific content, conceptual development, or exper- 982

imental results by these tools. The authors retain 983

full responsibility for the final content and accuracy 984

of the manuscript. 985
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Figure 6: Successful case by Qwen2.5-VL-7B + Hybrid Memory in the Amazon task. The model accurately
understands the goal, retrieves relevant memory, and selects the correct product by filtering.

Figure 7: Failure case by Qwen2.5-VL-7B base model in the Amazon task. The model does not know how to filter
products by the requirement, and loses track of the task state.
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Guidance Digestion Prompt

System Instruction

You are an expert at analyzing past GUI agent experiences to help with a new task.
Given the current task, current screenshot, and retrieved experience summaries,
synthesize them into focused, actionable guidance.

Output format: ONE concise paragraph (2-3 sentences) that answers:
1. Which strategies from past experiences are MOST relevant to this specific task?
2. What key actions or filters should be prioritized?

IMPORTANT RULES:
- Focus ONLY on navigation/search strategies, NOT on when to stop.
- Do NOT mention stopping, completing, or finishing the task.
- Do NOT give instructions about providing answers or explanations.
- Be specific to the current task. Do NOT just repeat the summaries.
- Do NOT use bullet points. Write as a coherent paragraph.

Input Prompt

Current task:
{TASK_INTENT}

Current screenshot:
{SCREENSHOT}

Retrieved experience summaries:
{RETRIEVED_SUMMARIES}

Figure 8: Guidance Digestion Prompt used to synthesize retrieved experience summaries into a compact Guidance
Block for inference-time navigation.
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Local Self-Evolution Prompt

System Instruction

You are evaluating whether the retrieved experience memories are still relevant for the task.

KEY PRINCIPLES:
1. Memories provide NAVIGATION STRATEGIES (how to search, filter, click, scroll, etc.), NOT

answers.
2. Be VERY CONSERVATIVE - default to keeping current memories.
3. CRITICAL: Distinguish between OPERATIONAL ERRORS vs MEMORY RELEVANCE:

OPERATIONAL ERRORS (DO NOT update memory):
- Agent landed on wrong page (login page, unrelated website, error page)
- Agent is stuck or action failed
- Agent made a navigation mistake
-> These are execution errors, NOT memory problems. The current memories are still valid for
when agent gets back on track.

MEMORY RELEVANCE ISSUE (May update memory):
- Task has genuinely progressed to a completely new phase
- Agent successfully completed initial steps and now needs different strategies
- Current screen shows the task is in a fundamentally different domain than memories cover
-> Only update if memories are irrelevant to the ACTUAL TASK PROGRESS, not temporary
navigation mistakes.

4. PRESERVE USEFUL MEMORIES: When updating, some existing takeaways may still be valuable:
- General domain knowledge that applies across task phases
- Strategies that might be needed again later (e.g., navigation, filtering)
- Takeaways that provide complementary information to new phase requirements

Your job: Decide if memories should be updated, but ONLY for genuine relevance issues, NOT
operational errors.

When updating, also identify which existing takeaways should be PRESERVED and combined with new
retrieval.

OUTPUT FORMAT (strict):
Decision: KEEP or UPDATE
Preserve: [comma-separated IDs of takeaways to keep, or NONE]
Reason: one sentence (no more than 20 words)

Input Prompt

Current task:
{TASK_INTENT}

Previous screenshot:
{SCREENSHOT_t}

Current screenshot:
{SCREENSHOT_t+1}

Current guidance block (optional):
{GUIDANCE_BLOCK}

Current retrieved takeaways (with IDs):
{TAKEAWAYS_WITH_IDS}

Figure 9: Local self-evolution prompt for conservative working-memory refresh: it updates only on genuine phase
shifts and preserves reusable takeaways.
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Global Evolution Prompt

System Instruction

You deduplicate GUI agent strategy takeaways using both text and visual context.
Output valid JSON only, no markdown code blocks.

User Prompt

You are managing a knowledge base of GUI agent strategies for deduplication.

NEW TRAJECTORY (see Screenshot 1):
- task_description: {new_task}
- takeaway: {new_takeaway}
- tags: {new_tags}
- domain: {new_domain}

EXISTING SIMILAR TRAJECTORIES:
1. ID: {traj_id} (similarity: {sim_score:.3f}, see {screenshot_ref})

task_description: {existing_task}
takeaway: {existing_takeaway}
tags: {existing_tags}
domain: {existing_domain}

[... more similar trajectories ...]

DECIDE one of:
1. UPDATE: NEW describes the SAME or very similar strategy as an existing trajectory.

-> Keep the existing node but IMPROVE its takeaway by incorporating insights from NEW.
-> Provide the improved takeaway (must start with "takeaway:").
-> Provide the complete updated tags list (can add, remove, or keep tags).

2. REPLACE: NEW describes the SAME strategy as an existing trajectory, but NEW is STRICTLY
BETTER

(more specific, more actionable, more complete trajectory).
-> Remove the existing node, add NEW as replacement.

3. ADD: NEW describes a GENUINELY DIFFERENT strategy not covered by existing trajectories.
-> Add NEW as a new node.

Use the screenshots to understand the visual context and UI state of each trajectory.

OUTPUT (JSON only, no markdown):
{
"action": "update" | "replace" | "add",
"reasoning": "one sentence explanation",
"target_id": "ID to update (required for update)",
"updated_takeaway": "takeaway: improved takeaway text (required for update)",
"updated_tags": ["#tag1", "#tag2", ...],
"old_id": "ID to replace (required for replace)"

}

Figure 10: Global evolution prompt for strategy deduplication and graph maintenance. The judge selects
ADD/UPDATE/REPLACE using multimodal context and returns a strict JSON decision for deterministic memory
updates.
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