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Abstract
With the advancement of vision-language mod-
els, web automation has made significant
progress. However, deploying autonomous
agents in real-world settings remains challeng-
ing, primarily due to site heterogeneity, where
generalist models lack domain-specific priors
for diverse interfaces, and long-horizon in-
stability, characterized by the accumulation
of decision drift over extended interactions.
To address these challenges, we introduce
ColorBrowserAgent (Complex Long-Horizon
Browser Agent), a knowledge-evolving agent
for robust web automation. Our approach ad-
dresses these challenges through two syner-
gistic mechanisms: human-in-the-loop knowl-
edge adaptation that transforms sparse human
feedback into reusable domain knowledge, and
knowledge-aligned progressive summarization
that stabilizes long interactions through mem-
ory compression. Extensive experiments on
WebArena, WebChoreArena and industrial de-
ployment show that ColorBrowserAgent con-
sistently outperforms strong baselines. It
achieves a state-of-the-art success rate of 71.2%
on WebArena and maintains 47.4% perfor-
mance under zero-shot transfer setting on We-
bChoreArena. In commercial deployment, it
improves user satisfaction by 19.3% relatively,
verifying its robustness in real-world scenarios.

1 Introduction

Web browsers serve as the universal central inter-
face for digital workflows across daily user activ-
ities and complex enterprise business operations.
Recent advances in function-calling capabilities
of large vision-language models (VLMs) (Yang
et al., 2025a; Wang et al., 2025a; Achiam et al.,
2023; Ma et al., 2025) have empowered web agents
to interpret natural language instructions and di-
rectly operate on graphical user interfaces (GUIs).
This capability enables the automation of complex,
multi-step browser workflows that traditionally re-
quire manual intervention (Zhang et al., 2024).
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Figure 1: Challenges and Solutions in Complex Web
Automation.

Despite recent progress, reliable deployment of
autonomous web agents in production remains dif-
ficult (Xue et al., 2025; Kara et al., 2025). Web
interfaces are inherently open and visually driven,
introducing substantial variance compared to struc-
tured APIs. In practice, two core challenges impede
scalability, as depicted in Figure 1. (1) Site Het-
erogeneity. General-purpose models lack domain-
specific priors to handle diverse layout conventions
and idiosyncratic business logic across websites.
Existing approaches typically rely on post-training
using interaction traces (Qi et al., 2024; Wei et al.,
2025). This strategy is not only prohibitively ex-
pensive but also critically lacks generalization to
out-of-distribution websites and robustness to inter-
face evolution. (2) Long-Horizon Instability. As
interaction trajectories extend, agents frequently
suffer from decision drift, gradually deviating from
the original task objectives (Liu et al., 2025a).
This challenge is exacerbated by site heterogene-
ity: long-horizon interactions are more prone to
lacking domain-specific priors, and minor interface
ambiguities (e.g., transient pop-ups) that are negli-
gible in short trajectories can accumulate, leading
to severe task deviation.

To address site heterogeneity and long-horizon
instability, we introduce ColorBrowserAgent
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(Complex Long-Horizon Browser Agent), a web
agent based on tuning-free adaptation that external-
izes domain knowledge and stabilizes long-horizon
interaction trajectories. As illustrated in Figure 1,
our framework resolves the two challenges through
two synergistic mechanisms: (1) Human-in-the-
loop Knowledge Adaptation, which tackles site
heterogeneity by capturing site-specific logic from
sparse expert feedback upon failure. These insights
are crystallized into an external knowledge base
and retrieved contextually, enabling the agent to
adapt to diverse interfaces without retraining; and
(2) Knowledge-aligned Progressive Summariza-
tion, which mitigates long-horizon decision drift
by maintaining a compressed belief state. This
mechanism progressively summarizes interaction
history and enforces consistency with retrieved ex-
pert priors, ensuring the agent remains focused on
the objective throughout long-horizon trajectories.

In summary, our contributions are as follows:

• Tuning-Free Adaptation. We propose
a human-in-the-loop knowledge adaptation
framework that externalizes domain-specific
priors into a persistent memory, decoupling
adaptability from model parameters and elim-
inating the need for retraining.

• Long-Horizon Stability. We introduce a
knowledge-aligned progressive summariza-
tion mechanism that mitigates decision drift
by compressing a belief state across long-
horizon interaction trajectories.

• Empirical and Deployment Validation. Col-
orBrowserAgent achieves 71.2% success rate
on WebArena and strong zero-shot transfer
to WebChoreArena. In a commercial deploy-
ment, it further improves user satisfaction by
19.3%, demonstrating practical effectiveness
in dynamic environments.

2 Related Works

2.1 LLM-based Web Agents

Several recent works have introduced realistic
browser environments and benchmarks to evaluate
LLM-based web agents (Zhou et al., 2023; Ning
et al., 2025; Li et al., 2025; Miyai et al., 2025).

Existing approaches fall into two paradigms:
training-based methods, which update model
parameters with interaction data, and test-time
search methods, which improve performance via

inference-time exploration. Training-based meth-
ods like WebRL (Qi et al., 2024) and WebAgent-r1
(Wei et al., 2025) learn navigation policies from
interaction trajectories via reinforcement learning.
However, in real-world industrial settings, obtain-
ing high-quality interaction trajectories is costly
and labor-intensive, making frequent retraining in-
feasible. In contrast, search-based methods (best-
first search (Koh et al., 2024; Wang et al., 2025c),
Monte Carlo Tree Search (Zhang et al., 2025d;
Wang et al., 2025b)) improve performance by ex-
ploring candidate action trajectories at inference
time. While they boost task success rates, their
extensive inference-time exploration incurs sub-
stantial latency and cost, limiting real-time deploy-
ment suitability. To address these limitations, Col-
orBrowserAgent bypasses expensive parameter up-
dates and high-latency search via a collaborative,
knowledge-driven mechanism enabling robust, effi-
cient execution.

2.2 Human-in-the-Loop Strategy

Human-in-the-Loop (HITL) approaches are widely
adopted to improve autonomous agent reliability in
complex environments (Zanzotto, 2019; Wu et al.,
2022; Wang et al., 2026). Existing research focuses
on leveraging human data for policy learning. For
example, demonstration-based methods like AppA-
gent (Zhang et al., 2025a; Li et al., 2024) collect ex-
pert trajectories to initialize agent skills before de-
ployment. Similarly, feedback-driven approaches
such as WebCoach (Liu et al., 2025b) use human
corrections to iteratively refine the agent’s policy.
These methods require significant data accumula-
tion and training overhead to show improvements.
In contrast, ColorBrowserAgent treats expert inter-
ventions as explicit knowledge injection: instead
of model tuning, we encode expert guidance into
a retrieval-based knowledge base, enabling imme-
diate failure resolution and cross-task logic reuse
without retraining.

3 Methodology

3.1 Preliminary

We view web automation as a goal-conditioned,
sequential decision-making process. Given a user
instruction g, the agent interacts with a browser
environment over discrete time steps. At each time
step t, the agent receives a multimodal observa-
tion ot consisting of the DOM tree and a rendered
screenshot of the current webpage. Based on the
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Figure 2: The framework of ColorBrowserAgent. It operates via two synergistic loops: (1) The Offline Knowledge
Adaptation Loop, where the Adaptor crystallizes expert feedback into an Adaptive Knowledge Base; and (2) The
Online Execution Loop, where the Summarizer maintains a compressed belief state and the Operator executes
actions based on aligned intent.

interaction history ht = (o0, a0, . . . , ot) and the
instruction g, the agent selects an action at from
a predefined action space (e.g., click, type, scroll,
stop). A task is considered successful if the termi-
nal environment state satisfies the goal constraints
induced by the instruction g.

3.2 Overview of ColorBrowserAgent
Existing approaches (Wei et al., 2025; Qi et al.,
2024) adapt to specific web environments by in-
ternalizing site-specific behaviors into model pa-
rameters through additional training. However,
such parametric adaptation often requires retrain-
ing when web interfaces evolve and can struggle to
transfer to previously unseen websites. In contrast,
we propose ColorBrowserAgent, a tuning-free
adaptation framework that externalizes domain-
specific expert priors into an explicit knowledge
base and retrieves them at runtime to guide action
selection.

As shown in Figure 2, ColorBrowserAgent ad-
dresses the challenges of site heterogeneity and
long-horizon instability through three core com-
ponents: the Adaptor, the Summarizer, and the
Operator. These components function within two
synergistic loops:

• Offline Knowledge Adaptation Loop: To

tackle site heterogeneity, the Adaptor con-
structs the Adaptive Knowledge Base (AKB)
through a human-in-the-loop process. During
an exploratory phase, execution failures are
monitored and analyzed by human experts,
who distill site-specific logic into reusable ex-
pert priors and inject them into the AKB.

• Online Execution Loop: During inference, the
system follows a sequential pipeline: Web
Observation → AKB Retrieval → Summa-
rization→ Execution. The Summarizer miti-
gates long-horizon instability by performing
knowledge-aligned progressive summariza-
tion, compressing interaction history while en-
suring consistency with constraints retrieved
by the Adaptor. Finally, the Operator gener-
ates and executes the concrete browser action.

The detailed algorithmic procedure of our frame-
work is provided in Appendix G.

3.3 Adaptor

The Adaptor fulfills two primary responsibilities:
the Offline Knowledge Adaptation Loop for knowl-
edge extraction and injection, and the Online Exe-
cution Loop for knowledge retrieval.
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Offline Knowledge Adaptation Loop. To en-
sure reliability, the system employs an on-demand
intervention strategy via a human-in-the-loop
mechanism. It continuously monitors execution via
a hybrid detector ftrigger(ot, ht), which combines a
rule-based detector for deterministic failures and a
VLM-based evaluator for semantic inconsistencies
between the UI state and the user’s intent. Interven-
tion is triggered whenever either detector signals a
failure. Upon failure detection, a human expert ana-
lyzes the failure context and formulates a corrective
tip. Crucially, to ensure generalizability, these tips
describe the site’s operational logic rather than the
specific execution flow. This feedback is persis-
tently crystallized into the AKB.

Online Execution Loop. During the processing
of a new query, the system dynamically retrieves
relevant knowledge from the knowledge base via a
cascade of mechanisms: (1) URL Pattern Matching
for site-specific lookups; (2) Keyword Search for
content-aware constraints; and (3) Visual-Semantic
Embedding for fuzzy UI matching.

3.4 Summarizer

To mitigate decision drift in long-horizon tasks,
where the linearly growing history O(T ) exhausts
the context window and weakens instruction adher-
ence, we introduce a Summarizer agent. This su-
pervisory component maintains a structured belief
state to preserve temporal coherence and enforce
alignment with expert priors. The update process
iteratively refines this belief state through two core
mechanisms:

Progressive Context Compression. To handle
extended trajectories, the Summarizer employs a hi-
erarchical retention strategy. It retains fine-grained
interaction details only for the current active sub-
goal, while recursively collapsing completed his-
tory into high-level semantic summaries. This
mechanism bounds the memory footprint to near-
constant size (O(1)) regardless of task length, effec-
tively preventing context overflow and the resulting
hallucination or loss of goal focus.

Knowledge Aligned Reflection. Beyond com-
pression, the Summarizer also serves as a
knowledge-aware consistency monitor. It compares
the agent’s planned actions with the retrieved ex-
pert knowledge. When a mismatch is detected,
the Summarizer injects corrective guidance into
the observation stream. This mechanism ensures

that the domain priors incorporated by the Adaptor
are consistently applied during execution, reducing
deviations from expert-informed strategies.

3.5 Operator

The Operator translates aligned intent into exe-
cutable browser actions. At each time step, it condi-
tions on the current multimodal observation (DOM
tree and screenshot), the retrieved knowledge con-
straints from the AKB, and the structured summary
produced by the Summarizer. Instead of relying
on raw interaction history, the Operator utilizes the
compressed belief state to focus on the current sub-
goal while respecting site-level priors. It first infers
the immediate subgoal implied by the current state,
then grounds this intent to specific UI elements by
jointly reasoning over DOM attributes and visual
cues, similar to recent multimodal GUI agents for
web automation.

4 Experiments

4.1 Experimental Setup

We evaluate ColorBrowserAgent on two comple-
mentary benchmarks to assess both in-domain per-
formance and zero-shot knowledge generalization:

• WebArena (Zhou et al., 2023): Our primary
benchmark, consisting of 812 long-horizon
tasks across multiple real-world domains (e.g.,
Shopping, GitLab, Reddit, Map).

• WebChoreArena (Miyai et al., 2025): An
extended benchmark featuring more complex
and memory-intensive tasks. We evaluate in
a zero-shot transfer setting, using only knowl-
edge derived from WebArena.

We use GPT-5 (OpenAI, 2025) as the underlying
reasoning model. Our system is implemented on
top of BrowserGym (Chezelles et al., 2025) with
Playwright for programmatic browser control. Ob-
servations consist of multimodal inputs, combining
Set-of-Marks (Yang et al., 2023) and accessibility
tree representations (Zhou et al., 2023). We adopt
an action space adapted from AgentOccam (Yang
et al., 2024) to reduce execution errors. The maxi-
mum interaction length is set to 30 steps.

We construct the AKB through a one-off explo-
ration phase, where human operators summarize
failure cases into reusable site-level tips rather than
query-specific traces. This process requires less
than 1 person-day and yields a compact set of
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Table 1: Comparison of success rates on the WebArena (Zhou et al., 2023) benchmark. Best results are highlighted
in bold, and second-best results are underlined. Relative improvements are computed with respect to the strongest
baseline. “-” means that the result is not reported in the original paper.

Method Overall Reddit GitLab Shopping Admin Map Multisite

BrowserGym (Drouin et al., 2024) 15.0 20.2 19.0 17.2 14.8 25.5 -
LM-TS (Koh et al., 2024) 19.2 11.3 13.9 27.8 16.5 26.6 16.7
Go-Browse (Gandhi et al., 2025) 22.6 30.7 15.3 22.4 25.3 17.9 -
AWM (Wang et al., 2024a) 35.5 50.9 31.8 30.8 29.1 43.3 -
Branch-n-Browse (He et al., 2025) 35.8 50.9 36.7 34.6 26.4 46.8 18.8
WebPilot (Zhang et al., 2025c) 37.2 65.1 39.4 36.9 24.7 33.9 -
AgentOccam (Yang et al., 2025c) 45.7 67.0 43.3 46.2 38.9 52.3 16.7
AgentSymbiotic (Zhang et al., 2025b) 52.1 66.0 51.0 48.0 49.0 60.0 29.0
ScribeAgent (Shen et al., 2024) 53.0 73.7 59.7 45.8 37.9 56.3 -
WebOperator (Dihan et al., 2025) 54.6 76.4 52.8 49.2 55.0 55.2 31.3
CUGA (Shlomov et al., 2025) 61.7 75.5 61.7 58.3 62.6 64.2 35.4

ColorBrowserAgent 71.2 87.4 65.7 72.9 76.4 55.9 64.8

Relative Improvement 15.38% 14.38% 6.48% 25.04% 22.04% -14.19% 83.05%

Table 2: Zero-shot knowledge generalization on WebChoreArena (Miyai et al., 2025). Best results are highlighted
in bold, and second-best results are underlined. Relative improvements are computed with respect to the strongest
baseline. “–” indicates that the result is not reported in the original paper.

Method Overall Shopping Reddit Admin GitLab

SteP (Sodhi et al., 2023) 3.1 2.6 4.4 0.7 4.7
BrowserGym (Chezelles et al., 2024) 21.2 15.4 15.4 26.5 27.6
AWM (Wang et al., 2024b) 22.4 18.0 14.3 30.3 26.8
AgentOccam (Yang et al., 2024) 21.5 21.3 11.0 30.8 22.8
WEBDART (Yang et al., 2025b) 31.1 35.0 26.4 33.8 29.1

ColorBrowserAgent w/o knowledge 34.4 38.5 27.5 52.2 33.9
ColorBrowserAgent 47.4 43.6 44.0 58.7 53.5

Relative Improvement 52.41% 24.57% 66.67% 73.67% 83.85%

reusable site-level tips totaling 52 distilled rules
across domains (GitLab: 13, Map: 7, Reddit: 5,
Shopping: 9, Admin: 18). After construction, the
knowledge base remains frozen throughout evalua-
tion, with no test-time human intervention.

4.2 Performance on WebArena Benchmark

As detailed in Table 1, ColorBrowserAgent
achieves a 71.2% overall task success rate on
the WebArena benchmark, establishing a new
state-of-the-art and substantially outperforming the
strongest prior method, CUGA (61.7%), by a rela-
tive margin of 15.38%.

A granular analysis across individual domains
reveals that our framework delivers consistent,
double-digit relative improvements in the majority
of categories. Specifically, we observe exceptional
gains in domains characterized by diverse interface
structures and complex, long-horizon workflows:

Multisite (+83.05%), Shopping (+25.04%), and Ad-
min (+22.04%). Additionally, performance in the
Reddit domain reaches an impressive 87.4% suc-
cess rate. These substantial margins suggest that
our synergistic approach—combining externalized
domain knowledge via the Adaptor and memory
stabilization via the Summarizer—effectively miti-
gates the core challenges of site heterogeneity and
long-horizon instability. While performance in the
Map domain is slightly lower (55.9%) compared
to the best baseline (64.2%), ColorBrowserAgent
still remains highly competitive across the board.

4.3 Knowledge Generalization on
WebChoreArena

To evaluate whether crystallized site-level priors
generalize beyond their original task distribution,
we directly transfer the frozen knowledge base
from WebArena to WebChoreArena without any
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task-specific adaptation. Importantly, no query-
level information from WebChoreArena is used
during knowledge construction, ensuring a strict
zero-shot transfer setting.

Despite the substantially increased task com-
plexity in WebChoreArena—characterized by
longer reasoning chains and heavier memory de-
mands—ColorBrowserAgent achieves a 47.4%
overall success rate, substantially outperforming
both the strongest prior method (WEBDART,
31.1%) and our knowledge-free variant (34.4%).
Crucially, the reported results for all baselines on
WebChoreArena are directly cited from the Web-
DART paper (Yang et al., 2025b) under a GPT-5-
based setting, making this comparison backbone-
fair. The substantial gain over the strongest base-
line demonstrates that the performance improve-
ments cannot be attributed solely to the use of
a more advanced LLM. Furthermore, the perfor-
mance gap between the knowledge-enabled and
knowledge-free variants indicates that reusable site-
level priors contribute substantially beyond back-
bone reasoning alone.

The gains are observed across most domains,
with particularly large margins in GitLab and Ad-
min. This pattern suggests that crystallized knowl-
edge effectively stabilizes long-horizon execution
while remaining invariant to query complexity. To-
gether, these results indicate that domain priors
learned from simpler tasks can generalize to sub-
stantially more complex scenarios, decoupling op-
erational logic from task difficulty.

4.4 Ablation Study

To assess the contribution of each component, we
conduct ablation experiments on WebArena-Lite
(165 tasks). Importantly, these experiments use a
unified GPT-5 setup, guaranteeing that differences
in performance are strictly attributable to the pro-
posed architecture rather than the backbone. As
shown in Figure 3, the full ColorBrowserAgent
achieves a 72.6% success rate, improving over the
vanilla baseline by 10.9%.

Removing Summarizer reduces performance to
68.8%, indicating that structured memory align-
ment helps stabilize long trajectories. Removing
Adaptor results in a larger drop to 65.4%, suggest-
ing that externalized site-level priors play a central
role in handling heterogeneity.

58 60 62 64 66 68 70 72 74 76

Success Rate (%) on WebArena-Lite

61.7%

65.4% (+3.7%)

68.8% (+7.1%)

72.6% (+10.9%)

ColorBrowserAgent
w/o Summarizer
w/o Adaptor
vanilla

Figure 3: Ablation studies on WebArena-Lite.

4.5 Industrial Practice: Real-Time Service
Verification

We deploy ColorBrowserAgent in a commercial
intelligent travel planning system, where it oper-
ates as the Web Execution Unit within a multi-
agent architecture. The agent autonomously navi-
gates heterogeneous third-party service portals to
retrieve real-time information (e.g., flight prices)
in response to user requests. An online A/B test
compares our system against a traditional search-
engine-based pipeline. Note that specific token
consumption and cost details are omitted for com-
mercial confidentiality.

Engineering Adaptations. To ensure reliability
under real-world conditions, we introduce several
system-level optimizations. First, navigation pri-
oritizes direct URL parameter construction when
possible, reducing dependence on fragile UI inter-
actions. Second, the action space is extended with
lightweight primitives such as take_note() for
persistent memory and calculate() for determin-
istic arithmetic, which reduces reasoning errors in
multi-step workflows. Third, a session watchdog
monitors execution and automatically restores state
upon transient failures.

Deployment Results. In this production environ-
ment, the system achieves a 19.3% relative im-
provement in the User Satisfaction Rate compared
to the baseline. Notably, in vertical domains with
accumulated site-level priors, the agent exceeds
95% task success, demonstrating that crystallized
knowledge remains effective under dynamic inter-
face updates.
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5 Conclusion

We presented ColorBrowserAgent, a knowledge-
evolving web agent designed for reliable indus-
trial deployment. By externalizing site-level ex-
pertise through Adaptor and stabilizing long inter-
action trajectories with Summarizer, Our frame-
work addresses two practical bottlenecks in pro-
duction web automation: interface heterogeneity
and long-horizon instability. Extensive evaluations
on WebArena and WebChoreArena demonstrate
strong performance and zero-shot knowledge trans-
fer without task-specific retraining. More impor-
tantly, deployment in a commercial real-time ser-
vice system shows measurable improvements in
user satisfaction in dynamic, frequently changing
web environments. These results suggest that de-
coupling domain knowledge from model parame-
ters through expert-guided persistent memory pro-
vides a scalable, low-maintenance paradigm for
industrial web agents.

Limitations

Cold-Start Adaptation. When deployed to en-
tirely new domains without prior knowledge cover-
age, the system requires increased human interven-
tion to identify and crystallize site-specific logic.
During this initial phase, performance may fluctu-
ate until sufficient domain priors are accumulated.

Model Dependency. Our current implementa-
tion relies on state-of-the-art proprietary VLMs
(e.g., GPT-5) to guarantee high-precision visual
reasoning. Distilling these capabilities into smaller,
cost-effective open-weights models for edge de-
ployment is a critical next step.
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A Benchmark Details

WebArena. WebArena is a reproducible, realis-
tic benchmark for evaluating web-browsing agents
that must execute high-level natural-language ob-
jectives through real browser interactions. The
environment consists of four self-hosted websites
covering distinct domains (online shopping, dis-
cussion forum, collaborative development, and an
admin/CMS site), plus auxiliary tool sites (e.g.,
maps). It contains 812 long-horizon tasks speci-
fied as user objectives. Agents observe the envi-
ronment through structured representations such
as HTML/DOM or an accessibility-tree, and inter-
act via a compound action space that simulates
mouse/keyboard and multi-tab browsing. Con-
cretely, the action space includes element-level
actions (click/hover/type/press/scroll), tab
management (new_tab/tab_focus/tab_close),
navigation (goto/go_back/go_forward), and a
terminal action stop[answer].

WebChoreArena. WebChoreArena extends We-
bArena with a focus on more realistic and tedious
’web chores’ that require longer procedures and
tighter state constraints, while keeping the same
websites, interaction protocol, and action space so
that agents are directly comparable. It contributes
532 newly curated tasks, including cross-site work-
flows. Both benchmarks emphasize functional
correctness: success is determined by whether the
final state (and/or produced answer) satisfies the
task requirements, rather than matching a specific
trajectory.

Queries and evaluation. Task queries are
natural-language objectives written by human an-
notators to reflect multi-step, compositional work-
flows. Evaluation uses two complementary mech-
anisms: (i) answer-based checks for information-
seeking tasks, using exact-match / must-include
rules and optionally semantic (LLM-based) fuzzy
matching; and (ii) programmatic checks for inter-
action tasks, where a validator inspects the final
web/database state via site APIs, database queries,
or DOM/JS selectors and verifies goal constraints.
A simple unified view is:

Success =

{
I[Match(â, a∗)] , answer-based
I[Validate(sT )] , programmatic

where â is the agent answer (if any), a∗ is the refer-
ence, and sT is the terminal environment state.
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Benchmark #Tasks Focus
WebArena 812 General realistic web tasks
WebChoreArena 532 More tedious/longer chore-

like tasks

Table 3: Summary of the two benchmarks used in this
work.

B Evaluation Protocol and Human
Intervention Policy

B.1 AKB Construction and Refinement
Workflow

The construction of the Adaptive Knowledge Base
(AKB) adheres to a structured, two-phase iterative
process designed to minimize human intervention
while maximizing agent adaptability:

1. Exploratory Deployment Phase: An initial
deployment of the base agent is conducted
on WebArena tasks without external knowl-
edge support. During this phase, Adaptor au-
tonomously logs execution anomalies and task
failures.

2. Knowledge Distillation Phase: For identified
failures, human experts analyze the interac-
tion traces to diagnose root causes (e.g., non-
standard navigation logic, latent UI states).
These insights are formalized into generaliz-
able heuristic entries following the annota-
tion guidelines (Appendix C) and integrated
into the AKB. This process is sparse and effi-
cient, requiring minimal expert effort (approx-
imately one person-day for the entire bench-
mark).

B.2 Rigorous WebArena Evaluation Protocol
To guarantee evaluation strictness and reproducibil-
ity, we enforce the following constraints:

• Static Knowledge Base: The AKB is strictly
frozen prior to the final evaluation. No dynamic
knowledge injection or modifications are permit-
ted during inference.

• Autonomous Execution: All 812 WebArena
tasks are executed in a strictly sequential, fully
autonomous manner.

• Absence of Test-Time Intervention: The agent
must rely exclusively on the pre-compiled knowl-
edge within the static AKB. No human-in-the-
loop feedback or real-time correction is accessi-
ble during the evaluation phase.

B.3 WebChoreArena Transferability Protocol

For the WebChoreArena benchmark, we adopt a
strict cross-task transfer learning protocol to assess
generalization:

• Zero-Shot Exposure: The agent is strictly pre-
cluded from exposure to WebChoreArena tasks
during the knowledge acquisition phase. The
AKB comprises solely of heuristics derived from
WebArena environments.

• Direct Cross-Task Transfer: We evaluate the
agent’s capacity to generalize site-specific priors
learned from WebArena to the more complex
query formulations in WebChoreArena, without
any task-specific fine-tuning or supplementary
knowledge curation.

C AKB Tip Annotation Guideline

C.1 Tip Granularity and Scope

Tips must capture site-level operational logic
rather than query-specific execution traces.

• Bad (Query-Specific): "Click the blue button to
buy the red socks." (Only valid for one query)

• Good (Site-Level): "To add any item to the cart,
you must first select a size option, even if only
one size is available." (Valid for all purchase
tasks on the site)

C.2 Recommended Tip Template

Annotators are encouraged to follow this structure:

• Scope: Define when the tip applies (e.g., "For all
product pages...").

• Action: Describe the required interaction pattern
(e.g., "Hover over the menu...").

• Constraint: Mention any critical preconditions
(e.g., "...before clicking the link.").

• Goal Alignment: Explain why this is necessary
(e.g., "...to reveal the submenu.").

D AKB Statistics and Example Tips

D.1 Tip Statistics from WebArena Failures

The final frozen AKB contains a compact set of
tips distributed across the domains:
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Domain Number of Tips

GitLab 13
Map 7
Reddit 5
Shopping 9
Shopping Admin 18

Table 4: Count of crystallized tips per domain in the
Adaptive Knowledge Base.

D.2 Representative Tips by Domain
Below are representative examples of crystallized
knowledge:

GitLab:

• "When asked to make changes to a repository,
commit changes to the main branch UNLESS
the task specifically asks you to create a branch."

• "To add new members to the project, you can
visit project information > members tab and click
blue "invite members" button on top right."

Reddit:

• "if you need find a relevant subreddit or forum,
you can find the name after clicking "alphabeti-
cal" in the "Forum" tab."

• "When creating a post/submission, put all con-
tent including URLs in the Body field. Leave the
URL field empty."

Shopping Admin:

• "When you add a new product in the CATALOG
> Products tab, you can click the downward ar-
row beside the "Add Product" button to select op-
tions like "Simple Product", "Configurable Prod-
uct", etc. "

• "You can generate various reports by using
menus in the REPORTS tab. Select REPORTS
> "report type", select options, and click "Show
Report" to view report."

Shopping:

• "If you need to find information about your pre-
vious purchases, you can go My Account > My
Orders, and find order by date, order number, or
any other available information"

• "An order is considered out of delivery if it is
marked as "processing" in the order status."

E Prompt Templates

E.1 Operator Prompt

The following system prompt guides the low-level
execution agent (Operator).

Role: You are a UI Assistant, your goal
is to help the user perform tasks using a
web browser. You can communicate with
the user via a chat, to which the user gives
you instructions and to which you can send
back messages. You have access to a web
browser that both you and the user can see,
and with which only you can interact via
specific commands.
Instructions: Review the instructions from
the user, the current state of the page and all
other information to find the best possible
next action to accomplish your goal. Your
answer will be interpreted and executed by a
program, make sure to follow the formatting
instructions.
Output Requirements: Your response
must strictly follow this output format:
<think>
Explain your reasoning step-by-step here.
Describe how you analyze the current page
state and your plan to accomplish the user’s
goal.
</think>
<action>
Only a SINGLE action is allowed in this
tag, which will be executed by the program.
</action>
Formatting Rules:

• The <think> tag should contain a clear
and detailed explanation of your reason-
ing process, including how you interpret
the task, analyze the page, and decide on
your next step.

• Inside the <action> tag, you MUST pro-
vide exactly one valid action string for-
matted as “‘ “‘. This represents the single
action to be executed. The action must be
one of the valid actions from the action
space described below.

E.2 ColorSummarizer Prompt

The Summarizer Agent uses the following prompt
to compress history, ensure alignment with re-
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trieved knowledge, and provide guidance.

Role: You are a Progress Summarization
and Knowledge Alignment Agent. Your
role is to: 1. Analyze the current execution
context to track progress. 2. Verify align-
ment between the agent’s actions and the
provided expert knowledge (tips). 3. Gener-
ate a concise, actionable summary to guide
the browser automation agent.
Inputs Provided:

• goal: The ultimate task objective.

• relevant_knowledge: Key tips or site-
specific constraints retrieved from the
Adaptive Knowledge Base (AKB).(e.g.,
"On this site, use the search bar instead
of category links.")

• axtree_txt: The accessibility tree of the
current webpage.

• screenshot: A visual rendering of the
current webpage.

• action_history: Sequence of actions
already performed.

• previous_summary: The progress sum-
mary from the previous step.

Output Requirements: Generate a struc-
tured summary with exactly three sections:

• Current Progress & Knowledge Check

– State clearly which sub-goals have
been completed.

– Explicitly evaluate if the
recent actions align with
relevant_knowledge.

– If a specific tip was violated (e.g.,
agent clicked a link when the tip sug-
gested searching), flag this deviation
immediately.

• Current State Analysis

– Assess whether the current page is on
the critical path toward goal.

– Identify relevant interactive elements
(buttons, inputs) necessary for the next
step.

• Next-step Guidance (Conditional Sec-
tion)

– Include this section if the agent has
deviated from the goal OR violated
relevant_knowledge.

– Provide 1–2 concrete recommenda-
tions.

– If available, quote the specific tip from
relevant_knowledge that dictates the
correct next step.

Formatting Rules:

• Always include the Knowledge Check
within the Progress section.

• If relevant_knowledge is empty, pro-
ceed with standard progress tracking.

F Practical Insights and Future
Directions

The development and deployment of ColorBrowser-
Agent have yielded valuable insights into the de-
sign of human-centred autonomous systems, shed-
ding light on the pragmatic challenges of integrat-
ing agents into human workflows.

Engineering for Trustworthy Collaboration.
While novel architectures often capture the spot-
light, our experience underscores that rigorous en-
gineering optimization is the bedrock of user trust.
Seemingly mundane enhancements—such as ro-
bust error handling for network timeouts, atomic
action primitives, and defensive navigation strate-
gies—are essential for transforming an agent from
a fragile prototype into a reliable digital partner. In
a human-centred context, reliability is not just a
metric but a prerequisite for adoption; users will
only delegate tasks to agents that demonstrate con-
sistent stability in real-world conditions.

Symbiotic Human-AI Collaboration. Our re-
sults validate that Human-in-the-Loop integration
is not merely a fallback mechanism but a powerful
paradigm for Collaborative Autonomy. By allow-
ing the agent to request help, we create a symbiotic
loop: the AI scales execution for standard tasks,
while the human provides high-level intuition for
edge cases. A critical avenue for future research is
optimizing this interaction cost—developing meth-
ods to dynamically identify the "minimal viable
intervention" so that the system maximizes the
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leverage of expert priors while minimizing human
cognitive load. The ultimate goal is an agent that
learns from its user’s guidance, progressively re-
quiring less intervention over time.

Foundation Models as Reasoning Engines. Fi-
nally, our findings reaffirm the critical role of strong
foundation models in interpreting human intent.
The agent’s ability to generalize to novel sites re-
lies heavily on the reasoning capabilities of the
underlying LLM. We observe that a capable model
(like GPT-5) serves as the bridge between abstract
human instructions and concrete interface actions.
As these models evolve, we envision a future where
agents can infer not just "how" to click, but "why"
a user prefers a certain workflow, leading to more
personalized and intuitive automation.

G Algorithms

Algorithm 1 presents the unified process of Col-
orBrowserAgent, encompassing both the offline
construction of the Adaptive Knowledge Base and
the online execution phase.

Algorithm 1 ColorBrowserAgent: Knowledge
Adaptation and Execution

Require: Training Tasks Ttrain, Test Instruction
gtest, Environment E , Human ExpertH

Ensure: Adaptive Knowledge BaseK, Interaction
Trajectory h

1: Phase 1: Offline Knowledge Adaptation
Loop

2: Initialize K ← ∅
3: for all task g ∈ Ttrain do
4: Run base agent on g, monitor with ftrigger
5: if failure detected then
6: Expert H analyzes failure and extracts

site-level logic τ
7: K ← K ∪ {τ} {Inject into AKB}
8: end if
9: end for

10: Phase 2: Online Execution Loop (Inference)

11: Initialize history h0 ← ∅, belief state m0 ← ∅
12: Target goal g ← gtest
13: for t = 0 to Tmax do
14: ot ← E .observe() {Obtain observation}
15: // Adaptor: Retrieve Knowledge
16: kt ← Retrieve(K, ot)
17: // Summarizer: Update Belief State
18: mt ← Summarize(mt−1, ot, kt) {Align

with knowledge}
19: // Operator: Execute Action
20: at ← Policy(ot,mt, kt)
21: E .step(at)
22: ht+1 ← ht ∪ {ot, at}
23: if at is stop then
24: return ht+1

25: end if
26: end for
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H Case Study

To intuitively illustrate the execution of ColorBrowserAgent, we present a failure trajectory in the absence
of prior knowledge and demonstrate how injecting priors resolves the issue.

Table 5: The failure trajectory of ColorBrowserAgent without prior knowledge.

Query: Add a new color option brown to the size S of Phoebe Zipper Sweatshirt

Screenshot Thought Remark

<think> The user wants to add a new color option
"brown" to size S for the product "Phoebe Zipper
Sweatshirt." I’m on the Magento Admin Products
grid page with a keyword filter applied for "Phoebe
Zipper Sweatshirt," and the grid shows 16 results.
To proceed, I need to open the specific product’s
edit page. The SOM context lists a grid cell for
the Name “Phoebe Zipper Sweatshirt” with bid
1773, which is typically clickable and opens the
product edit view. This is the logical next step
before accessing configurations to add the new
color option for size S. I will click the product
name cell to open its edit page. </think>

Navigating
to Prod-
uct.

<think> The goal is to edit the configurable prod-
uct “Phoebe Zipper Sweatshirt” to add a new color
option brown for size S. I previously clicked the
product name in the grid to open its edit page,
but the current screenshot still shows the Products
grid and a modal dialog overlay near the top (it
appears to be a grid-related modal like “Reset Grid
Columns”), which likely blocked navigation. To
proceed, I need to dismiss this modal. Since I
don’t have the specific bid for the modal’s Cancel/-
Close button, the most reliable way to close it is to
press Escape, which commonly dismisses modals
in Magento’s admin UI. After the modal is closed,
I will be able to click into the product and continue
with the configuration changes. </think>

Missed
Button.

<think> The task is to add a new color option
"brown" to size S for the product "Phoebe Zipper
Sweatshirt" in Magento. I’m on the Products grid
page with the keyword filter applied, and earlier a
modal overlay prevented navigation when I tried
to open the product. I dismissed the modal by
pressing Escape, so the next logical step is to open
the product’s edit page. The product name cell
"Phoebe Zipper Sweatshirt" (bid 1773) is typically
clickable to navigate to the edit view for a con-
figurable product. Opening this page is necessary
before accessing the Configurations section to add
the new color-size variant. I will click the prod-
uct name cell now. </think>

Trapped
in Loop.
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Table 6: The success trajectory of ColorBrowserAgent with injected knowledge.

Query: Add a new color option brown to the size S of Phoebe Zipper Sweatshirt

Knowledge: If you need to add new attribute values (e.g. size, color, etc) to a product, you can find the product at CATA-
LOG > Products, search for the product, edit product with “Configurable Product” type, and use “Edit Configurations”
to add the product with new attribute values. If the value that you want does not exist, you may need to add new values
to the attribute.

Screenshot Thought Remark

<think> The task is to add a new color option
“brown” specifically for size S of the “Phoebe Zip-
per Sweatshirt,” which is a configurable product.
On the current Products page, the grid lists the
parent configurable product and all its child sim-
ples. To modify configurations (add the S-Brown
variant), I need to open the parent configurable
product’s edit page. In the table, I see the row
for “Phoebe Zipper Sweatshirt” with Type “Con-
figurable Product” and an Action cell containing
the link “Edit Phoebe Zipper Sweatshirt”. The
correct next step is to click this edit link to ac-
cess the product editing interface, where I can use
“Edit Configurations” to add the new color op-
tion. If “brown” doesn’t exist as a Color attribute
value, I may need to add it later under STORES
> Attributes > Product, but first I must open the
product. </think>

Navigating
to Prod-
uct.

<think> The goal is to add a new color option
Brown to size S for the configurable product
“Phoebe Zipper Sweatshirt.” I am currently on
the product search page and have located the item.
The next step is to enter the product edit page.
However, the specific configuration button “Edit
Configurations” is not immediately visible in the
current viewport. I need to scroll down the page
to locate the “Configurations” section where the
attribute modification options are typically found.
Therefore, the immediate action is to scroll down
to reveal the configuration interface. </think>

Locating
Config.

<think> The goal is to add a new color option
Brown to size S for the configurable product
“Phoebe Zipper Sweatshirt.” I am already on the
product’s edit page, and I can see the Configura-
tions section with the “Edit Configurations” button.
Since Size and Color are the configurable attributes
(their comboboxes are disabled, indicating they’re
tied to configurations), the correct workflow is to
open the configurations wizard via “Edit Con-
figurations.” In that wizard, I will select Size=S
and Color=Brown, then proceed through the steps
to generate the new simple product variant. The
Brown option already exists in the Color attribute
list (observed in the disabled combobox options),
so I do not need to add a new attribute value in
STORES. The next step is to click “Edit Config-
urations” to start the wizard. </think>

Starting
Wizard.

Continued on next page
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Table 6: The success trajectory of ColorBrowserAgent with injected knowledge (continued).

Query: Add a new color option brown to the size S of Phoebe Zipper Sweatshirt

Screenshot Thought Remark

<think> The user wants to add a new Color op-
tion Brown specifically to Size S for the con-
figurable product. I have the “Create Product
Configurations” modal open on Step 1: Select
Attributes, with Size and Color already selected,
which matches the attributes we need. To proceed
to choosing specific attribute values (where I can
select Size S and Color Brown only), I need to go
to Step 2: Attribute Values. The “Next” button
is present. Clicking it should take me to the
values selection screen. </think>

Wizard
Step 1.

. . .

<think> The user’s goal is to add a new color op-
tion "Brown" to Size "S" for the product "Phoebe
Zipper Sweatshirt." I’m on the product edit page
for the configurable product, and the Configura-
tions section shows the "Current Variations" grid
with a row "Phoebe Zipper Sweatshirt-S-Brown,"
SKU "WH07-S-Brown," Status "Enabled," and At-
tributes "Size: S, Color: Brown." This indicates
the S–Brown variant exists and is enabled. I al-
ready executed a Save action earlier, and the vari-
ant appears in the grid, which implies the con-
figuration was successfully generated and saved.
The best next step is to confirm completion to
the user, including the variant name and SKU,
aligning with the requirement to provide a com-
plete answer that stands alone. </think>

Task
Com-
pleted.
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