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Abstract

Existing browser-use benchmarks largely assume a classical, static web architec-
ture. In contrast, today’s web relies heavily on dynamic, stateful, and temporal
behaviors driven by asynchronous requests, persistent server communications, and
real-time user interactions. Consequently, current agents struggle to handle the
non-deterministic, partially observable nature of modern web applications. This
exposes fundamental flaws not just in the models themselves, but in current agent
architectures and prompting strategies.

To address these deficiencies, we introduce FullStackArenaﬂ a novel browser-use
benchmark that challenges web agents with complex, full-stack environments.
FullStackArena encompasses diverse, fully operational applications such as online
bidding, stock trading, and algorithmically driven social media. While emulating
12 the dynamic impact of external, time-sensitive events, the benchmark remains
13 entirely self-hosted, deterministic, and reproducible. Our experiments demonstrate
14 a significant performance gap, with current agents GPT-5.4 achieving only an 6.8%
15 end-to-end task success rate.
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s 1 Introduction

17 The web is the primary front-end into much of our daily lives: we use it to find restaurants, to get
18 to those restaurants, to connect to and ask friends to join us, and to trade stocks to fund all of these
19 endeavors. To enable automated interaction with this infrastructure, researchers have integrated Large
20 Language Models (LLM) into agentic browser workflows like OpenAl’s Atlas [23]], Perplexity’s
21 Comet [25], and Google’s Gemini-integrated Chrome [[11]].

22 Alongside those autonomous agents, researchers have developed a slew of benchmarks to understand
23 and evaluate their capabilities [[7} |17, 18} 29|37, 44]]. Today’s benchmarks capture a wide range of
24 website formats and tasks, from testing common website user interface elements [29] to tasks that
25 require visual information and multimodality [17, [18]]. While some of these benchmarks involve
26 releasing agents onto the real Internet [7]], for practical reasons (e.g., the need for reproducibility, ver-
27 ifiable task solutions, and avoidance of CAPTCHAS), self-hosted benchmarks, typically comprising a
28 handful of websites and associated tasks packaged in a Docker image, remain an important staple of
29 modern browser-use evaluation.

30 Unfortunately, while today’s benchmarks are thorough and diverse in their application domains and
31 tasks, they tend to assume a classical model of the web—one where clients send HTTP requests to
32 aserver to fetch static HTML, CSS, and JavaScript content (often in a RESTful style), which the

ICode, Docker images, and task suites: https://anonymous.4open.science/r/fullstackarena_
submission-126B/,
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33 browser then parses/renders locally. Current browser-use agents assume this architecture implicitly,
34 fetching the web page, analyzing it, and executing an action in response.

35 The modern web is substantially more complex. Today’s web servers no longer serve solely static
36 content; they are now general-purpose programs that exhibit dynamic, stateful, and time-dependent be-
37 havior. Likewise, communication between the browser and server is no longer limited to one-off GET
38 and POST HTTP requests; it can also occur via asynchronous HTTP requests (e.g., XMLHt tpRequest
39 and fetch) and through persistent communication channels like WebSockets. Through these mecha-
40 nisms, the content and behavior of modern websites are not just a function of individual users’ actions,
41 but also of external events, other users, and backend updates.

42 TikTok offers a concrete example of this complexity. A user visiting tiktok.com will issue a series
43 of HTTP requests to fetch the main page and all of the content necessary to render the first video and
44 at least four subsequent videos—as the user scrolls, the website’s JavaScript will issue asynchronous
45 prefetches of new videos using XMLHttpRequest and fetch operations. TikTok’s web servers, in
46 addition to serving the above requests, collect statistics on all user interactions (even mouse clicks on
47 ‘empty’ areas of the web page) and measure dwell time on all videos. If a user shows interest in a
48 topic, their recommendation embedding will update within 1 minute [20]. In essence, when an action
49 is taken—and how long a user remains on a page—can directly influence future actions.

so Existing browser-use agents can struggle to handle dynamic, time-dependent, and partially observable
51 behavior. The problem is exacerbated by the common practice of stripping JavaScript and CSS—
52 which comprise the overwhelming majority of website size—out of the model inputs. In most cases,
53 the agents are unaware of the rich set of interactions that are taking place in the background. Thus, the
54 issues with existing agents are not limited to the models themselves, but the underlying architecture
55 of the agents and how/when we prompt them.

s6 To quantify these deficiencies and facilitate the development of autonomous web agents, we present
57 FullStackArena, a novel benchmark suite for browser agents. FullStackArena provides evalua-
58 tions over complex web services with asynchronous state changes and temporal dependencies, in
s9 addition to the request-response workloads assumed by today’s agents. Despite emulating these
60 complexities, it simultaneously guarantees reproducibility and determinism through a combination of
61 pseudo-randomness and procedural generation. FullStackArena’s applications are realistic and broad,
62 encompassing six fully operational applications, each representing a distinct domain prevalent on the
63 Internet: online bidding, stock trading, street maps, ride-hailing, a social media and video platform
64 enhanced with recommendation systems.

65 Experiment results show that existing browser agents perform relatively poorly on our benchmark,
66 with an end-to-end task success rate of only 6.8%. We attribute the limited performance of current
67 LLMs to their inability to actively explore and recover from failures when they try to complete
68 complex tasks. These outcomes underscore the necessity for further development towards robust and
69 effective agents in FullStackArena.

7o 2 The Modern Web

71 We begin with a primer on the structure and most relevant components of the modern web, before
72 providing an overview of how existing browser agents interact with it.

73 2.1 Clients: HTML, the DOM, and JavaScript

74 At the core of every webpage lies an HTML (HyperText Markup Language) document that defines
75 the webpage’s initial structure, content, and semantics. The HTML language itself is composed
76 of a system of nested tags (e.g., <div>, <h1>, and <p>) that define (a) the elements of the page,
77 (b) their content, and (c) any associated attributes. Each page’s HTML document can recursively
78 import/reference other resources (e.g., images, CSS, and JavaScript libraries) that the browser will
79 automatically fetch as it parses the downloaded HTML.

go In the early days of the web (now commonly referred to as Web 1.0), websites were entirely static
g1 resources: browsers would fetch the page and any embedded content using the HTTP protocol, parse
g2 the contents, and render them to users. The modern web has since become much more dynamic,
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Figure 1: A Web Agent interaction with a short-form video platform. The browser communicates
asynchronously with a backend server whose recommendation system estimates the user’s topic
affinity from a like-weighted watch time, normalizing after each scroll. Because the agent’s watch time
per video is dictated by how long the LLM takes to process the page and emit an action, generation
latency—which scales with the number of processed tokens—becomes the de facto engagement
signal. This induces a perverse coupling in which the LLM’s deliberation cost is conflated with
user affinity: a hiking video that requires extensive reasoning (3,000 tokens, t,,q:cp, = 10s) drives
p(HIKING) very high. When the agent finally encounters a ring video, the unintended affinity for
hiking may lead to unexpected side effects and a lack of sufficient ring videos to complete the task.

g3 enabled in large part by two browser features that have made web clients into complex, fully fledged
g4 applications.

85 One such technology is the DOM API. The DOM is an object-oriented representation of a web page
g6 that serves as a ‘live’ version of the HTML. It organizes every element, attribute, and piece of text
g7 into a tree-like structure of nodes. While HTML is a static file, the DOM is a high-performance data
g8 structure living in the browser’s memory.

g9 Interacting with the DOM is embedded JavaScript code. JavaScript can be triggered by user inter-
90 actions (e.g., onclick HTML events) or by browser events (e.g., page load completion or window
91 resize). JavaScript programs can manipulate the DOM tree in real-time by adding, removing, or
92 modifying nodes after the initial HTML has been loaded and parsed.

93 These mechanisms, together, allow web developers to control the content displayed in the browser.

94 2.2 Servers and Client-server Interaction

95 While users can typically only view the client-side code of the web, many of its more powerful
96 features rely on server-side support and on granular interactions between servers and the browser.

97 These servers are, in many ways, even more complex than their browser counterparts. While HTTP is
98 technically a stateless protocol, today’s servers are built on programmable frameworks like node. js
99 and maintain deep session state via cookies, server-side caches, and backend services/storage systems.
100 Their logic is also increasingly ‘time-aware.’” Rate limiting, session timeouts, and time-varying
101 content (such as dynamic pricing or expiring tokens) introduce a temporal dimension to their control
102 flow. Servers are thus no longer a set of predictable RESTful endpoints but rather a temporal,
103  state-dependent system.

104 Communication between the browser and server is similarly flexible, with many modern features
105 implemented using asynchronous communication protocols that allow the browser to update state
106 without a full-page reload. One of the earliest mechanisms for implementing this type of communi-
107 cation is JavaScript’s XMLHttpRequest (XHR) API. XHR allows JavaScript to send asynchronous
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108 requests to the web server and receive data, all without navigating the browser away from the current
109 page. Rather, responses are handled via a callback mechanism that processes the returned data, which
110 can then be used to dynamically update the DOM.

111 A classic use case of XHR is infinite scroll (e.g., on a short-form video platform like the one in
112 Figure[I). When users scroll down after watching a video, the browser sends an asynchronous XHR
113 request to retrieve new content—the base page is never reloaded. A seamless scrolling experience is
114 achieved through extensive prefetching (5+ videos on TikTok). In parallel, the server-side uses its
115 internal recommendation system to decide which video to show the user next.

116 While XHR is still widely used in modern web applications, the scale and complexity of today’s
117 applications have led to the rise of several other abstractions for client-server interaction.

118 * Fetch: JavaScript’s Fetch API is often touted as the modern successor to XHR. In contrast
119 to XHR'’s callbacks and event listeners (e.g., onreadystatechange()), the Fetch API
120 leverages JavaScript Promises and integrates natively with the async/await design patterns.
121 * WebSockets: While XHR and Fetch are restricted to a classic request-response pattern
122 initiated by the browser, WebSockets enable full-duplex, bidirectional communication over
123 a single, long-lived TCP connection. This eliminates the overhead of HTTP headers per
124 message and allows the server to push data to the client in real time without prompting,
125 enabling a wide range of client-server interactions.

126 » Server-Sent Events (SSE): SSE is a simpler, more constrained alternative to WebSockets
127 that sets up a unidirectional stream from the server to the client over HTTP for features like
128 ‘push’ notifications and live news feeds.

129 These are in addition to other communication protocols with less universal support, such as Web-
130 Transport [[6], a potential successor to WebSockets based on QUIC, and WebRTC [33]], which allows
131 browsers to directly exchange real-time media with other browsers in a peer-to-peer fashion.

132 Based on the above discussion, it is evident that the modern web has evolved from a collection of
133 interconnected documents into a high-concurrency distributed system, where the browser is merely
134 the surface of a deep, stateful, and time-dependent stack.

135 2.3 The Gap in Today’s AI Browser Benchmarks and Agents

136 The current paradigm of browser automation largely assumes the more classic model of the web.
137 While existing benchmarks have enabled tremendous strides in the capability of browser automation,
138 particularly in terms of visual reasoning [[17, |18} 29] and task-specific accuracy [8} 21} 135} 37} 401,
139 they predominantly operate under the assumption of a quasi-static environment where state transitions
140 are triggered exclusively by agent actions, and ignore the fact that the modern web is a living
141 distributed system where the outputs are often a function of time as much as a function of input.

142 State-of-the-art agents, such as WebVoyager [[15], the browser-use library [5)], and various commer-
143 cial solutions (e.g., Perplexity’s Comet, OpenAl Atlas, and Google Chrome Auto Browser), inherit
144 this assumption: each step involves first observing the DOM or a visual screenshot, predicting an
145 action (e.g., a click or keystroke), and observing the resulting change in state.

146 The extent of temporal awareness in contemporary agents is generally limited to a primitive wait
147 action. This mechanism is primarily utilized as a heuristic to ensure page resources have finished
148 loading or to bypass simple Ul transitions. These waits are typically hard-coded (e.g., 5 s) or bounded
149 by a small maximum duration, intended to serve more as a ‘pause’ button than a strategic tool.

150 As a concrete example of the impact of a simplistic model of web interaction, consider Figure [I]
151 where the agent is instructed to build a ring-focused profile to more efficiently research rings. The
152 lack of precise control over decoding and dwell time can cause the server’s recommendation system
153 to overestimate the user’s interest in other topics (e.g., hiking and, by extension, Lord of the Rings),
154 leading it to serve a different feed than the user intended. More generally, on modern platforms,
155 delayed action or repeated attempts can lead to missing windows for critical interactions (e.g., stock
156 trading interfaces, flash sales, or multi-factor authentication loops). Because these agents lack a
157 model of temporal state, they cannot distinguish between a server that is busy and a server that has
158 permanently transitioned to a new state due to a timeout.
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Figure 2: Architectural overview of FullStackArena.

159 Crucially, this gap is due to more than just limitations in the models’ reasoning capabilities or context
160 windows—the underlying architecture of today’s browser agents is ill-suited to the complexities of
161 the modern web.

12 3 FullStackArena: Toward a Richer Browser Agent Environment

163 This paper presents FullStackArena, a benchmark suite for evaluating browser agents on dynamic,
164 asynchronous, and time-dependent web environments. Like popular existing benchmarks [8 [17,
165 18} 129, 44], FullStackArena is a standalone environment that provides realistic, reproducible, and
166 deterministic tasks, along with evaluation tests and captured trajectories. We select auction, stock
167 trading, video, social media, mapping, and ride-hailing websites due to their prevalence in everyday
168 life. The overall architecture of FullStackArena (see Figure [2) also mirrors existing benchmark
169  suites, with the major addition being the inclusion of complex, asynchronous server-side updates
170 and communication. This shift, while seemingly small, introduces several important challenges and
171 implications for FullStackArena’s design, modeling, and task/evaluation construction, detailed below.

172 3.1 Ensuring Reproducibility via Procedural Determinism

173 To ensure consistent benchmarking and fair longitudinal comparisons, the environment must remain
174 stable across repeated evaluations. This goal stands in direct conflict with the non-determinism
175 and time-sensitivity we seek to emulate from the modern web—in a ‘full stack’ environment,
176 reproducibility must extend beyond the initial DOM state to include the scheduled logic of the
177 backend and user interactions.

178 Our solution relies on procedural generation and synchronized pseudorandomness. Rather than
179 relying on live, volatile external APIs, FullStackArena simulates backend data streams—such as
180 fluctuating stock prices, ride-hailing availability, or rush-hour congestion—using a combination
181 of historical traces and stochastic models seeded with task-specific identifiers. For instance, in
182 a stock-trading task, prices of securities are defined by a mixture of historical market traces and
183 pseudorandom procedurally generated prices tied to a global simulation clock. This ensures that
184 two different agents, when starting at the same relative timestamp, will observe the exact same
185 environmental state transitions, regardless of the physical wall-clock time at which the test is executed
186 or its duration.

187 3.2 Environment Definition

188 Existing browser benchmarks [18, 44] typically model agent interaction as a Partially Observable
189 Markov Decision Process (POMDP). Unfortunately, standard POMDP fails to include any notions of
190 time-dependence and is further built on the assumption that the environment state transitions only in
191 response to an agent’s action. In contrast, modern web servers evolve independently of the client,
192 driven by internal timers, scheduled tasks, and asynchronous data streams.
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Actions Time Example

f(a) Single  None Place an order
f@)) flar) |f(as- f(a) Multiple None  If one order fails, place a second

f(as-) Multiple Abs. Place orders at 9:00 AM and 9:05 AM

Figure 3: Task categories based on action primitives. Concentric ovals illustrate increasing complexity.

193 Instead, we formalize the FullStackArena environment as a Continuous-Time, Partially Observable
194 Semi-Markov Decision Process (CT-POSMDP) [32, 41]. A POSMDP generalizes a POMDP by
195 allowing actions to take variable amounts of time, during which the underlying environment may
196 continue to evolve independently of the agent. Formally, we define the environment as:

E=(S5,A40,T,P)

197 * S is the set of hidden environment states, including the internal server-side variables (e.g.,
198 database state, active session tokens, etc.) as well as absolute time.

199 * A is the action space. This includes standard browser-level interactions as well as the
200 explicit wait (At¢) command.

201 * O is the observation space, which, mirroring a realistic web browsing experience, can
202 include the current DOM tree, accessibility tree, visual screenshots rendered by the browser,
203 and information about current and elapsed time.

204 * T C Ry is the set of possible continuous time delays (sojourn times) between decision
205 epochs.

206 * P:SxAXT xS — [0,1] is the joint state-time transition probability function. The term
207 P(s',7 | s,a) defines the probability that taking action « in state s causes the system to
208 transition to state s’ after a time interval 7.

209 Crucially, in our formulation, the environment state s; can change even when a is a null action,
210 representing the background evolution of the server logic. Otherwise, at each step ¢, the agent selects
211 an action a; € A based on its observation o; € O, and the environment evolves according to the
212 transition function P.

213 Given a task specified as a natural-language intent 7, we define a trajectory-level reward function
r(arr, s1.1),

214 which evaluates whether the sequence of actions and resulting states satisfies the task objective.
215 For example, in transactional tasks, the reward verifies whether the final state reflects a successful
216 completion (e.g., placing an order), while for information-seeking tasks, it evaluates the correctness
217 of the agent’s output.

218 3.3 Task Creation

219 We taxonomize tasks by considering their necessary set of actions. These sets form a nested hierarchy,
220 where each level strictly subsumes the previous one. The base set f(a) captures tasks composed of a
221 single webpage action. This is extended by f (&) to multi-step compositions, further generalized by
222 f(a,) to include relative temporal dependencies, and finally by f(Gx,) to incorporate absolute time.
223 By spanning these taxonomies, FullStackArena covers a wide range of realistic behaviors that are
224 largely absent from existing web-agent benchmarks. In total, we curate 862 tasks across six websites
225 (see Figure[5]in the Appendix for the full distribution).

226 Evaluation Annotation. Each task configuration includes an eval block that specifies evaluation
227 annotations—metadata defining how agent performance is automatically assessed. The annotation
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Website Intent Eval Implementation

Social Media  Build a profile which loves cats via any engagement top_subcategory([pet,cat]);

method. weight_pct(cat, 30)
Stock Trading  Buy 1 share AAPL at 9:30-9:31, then 2 shares at 9:31- verify_timed_buys(AAPL,
9:32, then 3 shares at 9:32-9:33. [(1,9:30), (2,9:31), (3,9:32)])

Ride-hailing Book RideAppX from Empire State Building to Central ~ db_check(fare=[25,50],
Park only if fare is $25-$50 AND pickup time is 8:00-  time=[8:00,9:00])

9:00 AM.

Auction Find Electronics item with most bids. Wait 5 min. If bid_handled(Electronics,
price increased, outbid by $1; else bid at current price. ~ wait=5min)

Video Open video, wait until ad can be skipped, skip it ad_skip(min=3s, max=06s)
promptly.

Map Get directions Empire State Building to Yonkers. Com- string_match(must_include=
pare ETA at 6AM vs 8PM, report if increased or de- [decreased, 30 min, 25 min])
creased.

Table 1: Example task intents and their evaluation implementations showcasing temporal constraints.
Blue indicates expected values; red indicates evaluation functions.

228  structure supports multiple evaluation types that can be composed together, with individual scores
229 multiplied to produce a final result (all conditions must pass for success).

230 We implement four primary evaluation types. string_match verifies textual answers through exact
231 matching, substring inclusion (must_include), exclusion checks (must_exclude), and numeric
232 comparisons with inequality constraints. This type supports extracting numeric values from natural
233 language responses and validating multiple numbers via labeled parameters or positional indices.
234 url_match confirms navigation outcomes by checking whether the final browser URL matches
235 a reference pattern, supporting both exact matching and substring containment. program_html
236  extracts webpage content via JavaScript locator expressions (e.g., document . querySelector) and
237 validates the extracted text against expected patterns. This enables checking dynamic UI state
238 that emerges from agent interactions. api_match queries backend systems directly to confirm
239 that the agent’s actions produced the intended state changes. We provide domain-specific helper
240 functions for each application—such as verifying social media interactions, checking watchlist entries,
241 or validating booking records—that execute against application databases and return structured
242 results for comparison. For tasks involving temporal reasoning or stochastic elements, API checks
243 can include tolerance bands (e.g., £5% price widening) to account for dynamic pricing or time-
244  sensitive conditions. The evaluator router inspects the eval_types list in each task configuration
245 and instantiates the corresponding evaluator objects, which are combined in a composition class that
246 executes all checks against the same agent trajectory. Table [T] provides representative examples of
247 task intents and their corresponding evaluation implementations across different websites.

23 4 Baselines

249 Our main baseline results are summarized in Table 2] We evaluate all baseline agents under both
250 capped and uncapped execution settings. The capped setting, used in prior work such as WebVoy-
251 ager [15], limits each wait action to a maximum of 30 seconds to accommodate webpage loading.
252 For long-running tasks, this constraint requires stronger temporal planning and may prevent the LLM
253 from issuing overly long or incorrect wait instructions.

254 In the uncapped setting, there is no upper bound on the wait duration. This allows us to study the
255 trade-off between task success and interaction efficiency in temporally evolving web environments.

256 Additionally, we compare text-only agents (DeepSeek V4) with multimodal agents, including Gemini-
257 2.5-Pro, Qwen3-VL-235B-A22B-Instruct, Grok-4.3, and GPT-5.4.

258 4.1 Analysis

259 Does the model have a sense of the time? In our trajectory-level error analysis, we find that LLMs
260 lack an accurate sense of time: they cannot reliably track elapsed time, current time, or the time
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Table 2: Success rate (SR) comparison of baseline models across websites.

Website Model SR Capped (30s) SR Uncapped
Stock Trading ~ DeepSeek-V4-Pro 3.9% 5.9%
Gemini-2.5-Pro 14.7% 33.3%
Qwen3-VL-235B-A22B 14.7% 15.7%
Grok-4.3 17.6% 17.6%
GPT-5.4 22.5% 39.2%
Auction DeepSeek-V4-Pro 0.0% 0.0%
Gemini-2.5-Pro 12.0% 18.0%
Qwen3-VL-235B-A22B 7.0% 14.0%
Grok-4.3 5.0% 6.0%
GPT-5.4 22.0% 33.0%
Ride-hailing DeepSeek-V4-Pro 0.0% 5.2%
Gemini-2.5-Pro 1.3% 14.3%
Qwen3-VL-235B-A22B 0.0% 6.5%
Grok-4.3 1.3% 5.2%
GPT-5.4 3.9% 26.0%
Map DeepSeek-V4-Pro 0.0% 2.3%
Gemini-2.5-Pro 5.3% 6.3%
Qwen3-VL-235B-A22B 2.1% 3.8%
Grok-4.3 6.0% 14.3%
GPT-5.4 6.8% 16.7%
Social Media DeepSeek-V4-Pro 4.2% 2.8%
Gemini-2.5-Pro 32.4% 25.4%
Qwen3-VL-235B-A22B 29.6% 26.8%
Grok-4.3 2.8% 18.3%
GPT-5.4 23.9% 15.4%
Video DeepSeek-V4-Pro 11.1% 11.1%
Gemini-2.5-Pro 23.3% 23.3%
Qwen3-VL-235B-A22B 10.0% 10.0%
Grok-4.3 15.6% 12.2%
GPT-5.4 17.8% 16.7%

261 spent during decoding. In capped mode, agents often overestimate wait duration (e.g., assuming
262 more than 30 seconds have passed) and fail to plan temporally by issuing appropriate follow-up waits.
263 To validate this, we conduct an ablation that removes the wait cap and allows arbitrary delays. This
264 consistently improves performance—for example, Gemini-2.5-Pro gains 18.6% on Stock Trading
265 and GPT-5.4 gains 22.1% on Ride-hailing. In some cases, the model does not even realize a wait is
266 required (e.g., when an action must occur minutes later) and fails to invoke external tools to obtain
267 timing information.

268 Would the external time information tool help? We conduct the time-information ablation ex-
269 clusively on the ride-hailing website because it is the only site that both (1) lacks an explicit clock
270  displayed in the Ul and (2) includes f(aa,) tasks requiring temporal reasoning. For reproducibility
271 and to support temporal reasoning, we embed visible clocks in other websites (auction, stock trading,
272 social media, map) so agents can always observe the current simulated time. This design choice
273 means ablating time information on those sites would require removing the clock from the UI entirely,
274 confounding the experimental setup.

25 5 Related Work
276 5.1 Web Agent Benchmarks

277 A wide range of benchmarks has been proposed to evaluate language agents in web environments.
276 One major line provides controlled and reproducible environments, including self-hosted benchmarks
279 such as WebArena [44] and VisualWebArena [18]], which provide Dockerized websites for browser
280 interaction tasks, as well as domain-specific platforms like WorkArena [8]] for enterprise knowledge
281 work. Similar efforts include WebShop [37], VideoWebArena [17]], and WoB [29]], which introduce
282 richer modalities. Another line evaluates agents in open-web environments, including Mind2Web
283 2 [12], WebLINX [21], AssistantBench [40]], BrowseComp [35]], and WebCanvas [24], which em-
284 phasize complex real-world tasks. Overall, while these efforts improve realism and standardization,
285 they largely focus on static or partial aspects of the web stack, leaving the full-stack dynamic and
286 self-updating nature of modern web applications underexplored.
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287 5.2 Language Model Based Agents

288 Language-model-based agents have progressed from browser-assisted question answering [22] to
289 a reasoning-acting interleaved framework [38]], and program synthesis for task execution [14].
290 Leveraging visual understanding, several works [[15116,!43] develop agents that predict interactions
291 from rendered screenshots rather than parsed DOM trees. Complex tasks necessitate structured
292 planning through tree search [39], self-correction [30], and model-based action simulation [13]].
293 Recent efforts introduce hierarchical and compositional architectures for autonomous computer
294 use [2} 13l], while others incorporate reinforcement learning [27]], workflow memory [34], trajectory
295 synthesis [36], and human-inspired browsing actions [42] to improve agent learning. The temporal
296 dynamics and partial observability of modern web applications in FullStackArena present unique
297 challenges for rigorously testing and advancing these methods.

298 5.3 Modeling Temporal Dynamics in Interactive Environments

299 Interactive environments like web environments evolve over time and can be naturally modeled as
300 Markov processes or MDPs [26, 31]]. Recently, MDPs have been widely applied and extended in
301 reinforcement learning and agent-related domains, e.g., improving time discounting functions in
302 MDP-based RL frameworks to enhance decisions [28] and improving state transition modeling in
303  MDPs [9,10]]. Notably, partially observable Markov decision processes (POMDPs) [l 4] introduce
304 observation functions to model perceptual noise and state ambiguity, preventing agents from directly
305 accessing the true state and requiring decision-making in belief space; this framework is close to web
306 browser interaction processes, which is also adopted by VisualWebArena [18]]. More general examples
307 include POMDP-based Mind2Web [7]], WebArena [44]], which applied MDP with deterministic
308 transitions, and earlier work that constructs MDPs over DOM state spaces and optimizes policies
309 using sparse rewards [[19]. Building on these approaches, our method explicitly introduce time-aware
310 observations into the MDP, better capturing the temporal dynamics of full-stack web environments.

sin 6  Conclusion

312 In this work, we introduce FullStackArena, a benchmark for evaluating browser agents in dynamic,
313 temporally evolving web environments. Comprising six self-hosted websites and 714 tasks, Full-
314 StackArena captures the complexity of modern full-stack web interactions while remaining fully
315 deterministic and reproducible.

ste  Our evaluation reveals that current LLMs fundamentally lack an accurate sense of time—they cannot
s17  reliably track elapsed duration or coordinate with clocks. The dominant failure modes, including
318 timing precision errors and wall-clock confusion, point to limitations in current agent architectures
319 that treat web interaction as stateless observe-act loops. We hope FullStackArena will drive the
320 development of more temporally-aware agent architectures.
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s A Appendix

459 A.l Website Implementations

60 Given the selected websites described in[3] we make the best attempt to reproduce the functionality
461 of commonly used sites in a reproducible way. To achieve this, we utilized open-source frameworks
a2 for the development of the websites across various categories and imported data from their real-world
463 counterparts. The implementation details are introduced below.

464 We implement the ride-hailing application through sourcing trip data from the public NYC TLC
465 trip records, which are aggregated over the 263 official NYC taxi zone shapefiles into per-(pickup,
466  dropoff, hour, day-of-week) travel-time and demand-derived surge tables totaling over 100k entries.
467 We also seed 562 landmarks, transit hubs, hospitals, and airports for address autocomplete, and use
468 OpenStreetMap for offline routing and tiles. To avoid ETAs and fares from being deterministic or
469 memoizable for the agent, the same route returns different estimates at different N'Y-local times via
470  stochastic noise on the aggregated travel-time variance and a citywide temporal demand multiplier,
471 and a background simulator advances each booked ride through a realistic requested — assigned —
472 arriving — in_progress — completed lifecycle.

473 The stock trading application uses React for frontend and Express/SQLite for backend. The site
474 has the following features: portfolio (buy/sell shares), watchlist management, stock screener with
475  sector/metric filters, bid-ask spread display. We source 48 real stock tickers across 12 sectors; static
476 fundamentals (i.e. PE ratio, EPS) and previous years’ prices were sourced from historical data.
477 Time-based data is programmatically using a hash function generated to prevent data leakage. A
478 simulated clock starts at market open (9:30 AM) and ticks in real-time.

479 The auction website is implemented via using React and Express/SQLite. Product listings were
480 scraped from WebArena’s shopping site. We sampled 200 listings across 9 categories. We simulated
481 auction dynamics in the following manner: 1149 seeded bids (avg 5.7 bids/listing) get frontloaded to
4s2  simulate existing bids, roughly 40 "bidding wars" (rapid $ 1 increments between 2-3 bidders), and
483 staggered auction close times. Our simulated clock starts at 7:00 AM and ticks in real time. We use
484 SQLite snapshots to reset database state between evaluation runs.

485 The video application implementation uses React/Vite on the frontend and Flask/SQLite on the
486 backend. Video players for on-demand, live and shorts are implemented natively using HTTP Live
47 Streaming (HLS). Video manifests and HLS segments were created via scraping public videos from
488 YouTube and converting them to segments with the ffmpeg tool. The application has a database of
489 500 videos on demand, 30 live videos and 1000 short-form videos.

490 The Arenagram application uses Flask with vanilla JS for the frontend and SQLAlchemy/SQLite
491 for the backend. The site has the following features: a personalized infinite-scroll image feed,
492 like/save/comment/follow interactions, unified search across users, categories, and captions, profile
493 pages with Posts/Liked/Saved/Commented tabs, and view-tracking via dwell time on each post.
494 The SQLite database keeps track of users, posts, likes, saves, comments, follows, dwell time, and
495 user category weights. Every action the user perform writes a row to one of these tables. The
496 recommendation algorithm scores each post as category weight x subcategory weight x recency,
497 where recency follows a roughly 10-hour half-life and the per-user category weights are bumped
498 up whenever the user likes, saves, comments on, or follows posts in that category. Dwelling refers
499 to passive view-tracking: a browser-side observer measures how long each post stays visible in
s00 the viewport and reports that duration back, which adds a smaller weight bump per few seconds
so1 of attention. This means the feed personalizes itself to a user’s interests through both explicit
s02 interactions and implicit watch time. We source 1,000 real images partitioned across 7 categories
s03 and 21 subcategories like food/dessert, pet/cat, and sports/water sports. Time-based data for every
504 post, like, comment, follow, and view is generated programmatically through a mockable clock. A
s05 simulated UTC clock is rendered live in the navbar and supports real, ticking-from-anchor, and frozen
506  states.

507 The Map Arena application uses Leaflet and Pannellum with vanilla JS for the frontend and Flask
so8 backed by local Nominatim, OSRM, and a tileserver for the backend. The site has the following
so9 features: location search, A — B routing with arbitrary waypoints and alternate routes, traffic
st1o adjusted ETA cards with Light/Moderate/Heavy/Severe badges, "Leave now" and "Leave at" date
511 and time pickers, turn-by-turn directions, and a Street View panel with forward and backward
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s12 mobility. We source 533 real equirectangular panoramas across 16 sequences mostly in Manhattan,
513 downloaded via the Mapillary Graph API across 10 hand-picked neighborhood bounding boxes.
s14 Tiles, geocoding, and base driving durations come from local OSM-stack services. Traffic data is
515 simulated by multiplying OSRM’s base duration by a deterministic time-of-day curve that peaks at
st6 8 AM and 5 PM, plus smaller modifiers for road type, area density, weekday vs. weekend, and a
517 per-route variation factor. A simulated clock starts at Friday 9:00 AM ET and ticks forward in real
518 time.

519 A.2 Environment reset

520 To ensure reproducible and fair evaluation, each environment supports a deterministic reset procedure
521 that restores the system to a well-defined initial state. This is particularly important in our setting,
s22  where applications maintain complex, stateful, and time-dependent behaviors. Without such resets,
523 agent performance would be confounded by residual state and temporal drift across runs.

s24 For the ride-hailing app, state lives across three layers that reset must restore atomically: (i) a
525 PostgreSQL/PostGIS store, (ii) an in-process simulated clock, and (iii) a Redis cache for ETA and zone
s26  snapshots. At ETL time we materialise immutable seed snapshots (_seed_users, _seed_drivers,
527 _seed_rides) parallel to every mutable table, produced by a fixed-seed RNG so two ETL runs yield
528 the same world. A single POST /reset endpoint then (1) truncates each mutable table and re-inserts
s29 from its _seed_x* snapshot, (2) resets primary-key sequences so new entities start at predictable IDs,
530 (3) rewinds the simulated clock to 8:00 AM NY-local, and (4) flushes the Redis cache to drop stale
531 ETA rolls (a per-call random.gauss (1.0, 0.03) multiplier under a 30 s TTL) and cached zone
532 listings. Every reset thus restores a byte-identical world state, giving evaluators a stable ground truth
533 regardless of the agent’s prior actions.

s34+ For the Arenagram app, state lives across two layers that reset must restore deterministically: (i) a
535 SQLite store holding the mutable tables (users, posts, likes comments, saves, follows, views, ranking
s3s  weights) on a Docker volume, and (ii) an in-process virtual clock whose offset/freeze state lives
537 in module globals. The static image corpus and seed-time JSON fixtures are baked into the image
ss8 and consumed by a fixed-seed RNG, so two reseeds tield the same users, posts, and interaction
539 graph. Per task, the harness dispatches on reset_scope: a global reset rewinds the clock, drops
s40 and recreates every table, and reruns the deterministic seeder; a per-user soft reset wipes on only the
s41 target account’s likes, saves, comments, follows, and views and rebases its interests weights to the
s42 uniform prior, leaving every other user and the seeded corpus untouched. After the wipe, an optional
543 clock_init block pins the virtual clock to a task-specified timestamp so timing-sensitive ranking
s44 signals are stable across runs. Every reset thus restores an identical state — same IDs, same seeded
s45 interactions, same ranking prior, same anchored clock — regardless of the agent’s prior actions.

s4s For the Map Arena app, the only mutable server state is an in-process virtual clock anchored by
s47  default at Friday at 9:00 ET that ticks forward in real time from that anchor. The routing graph is
s4  supplied by external read-only services (OSRM, Nominatim, a tileserver) and the panorama SQLite
s49 database is bundled into the image and never written at runtime. Every per-route traffic multiplier the
s50 Ul shows is a pure deterministic function of the virtual clock, route seed, and road/area modifiers, so
s51  the same (clock, seed) always yields the same ETA.

ss2 For the DyVideo app, all benchmark state is specific to a user: likes, watch times and watch history.
553 This state evolves with website interactions, and is queried through the admin API. A reset therefore
s54  wipes the state clean for a particular user, starting with O watch history, neutral preferences for all
555  shorts categories and no likes/dislikes. The shorts feed starts out with an exploratory phase of 20
ss6  shorts, before switching to a Personalized feed. The feed is set back to Exploration on reset.

s57 A3 Task Distribution

sss FullStackArena contains a total of 714 tasks distributed across six websites, as shown in fig. E}
559 Ride-hailing (218 tasks, 30.5%) and Map (133 tasks, 18.6%) together comprise nearly half of all
s60 tasks due to their complex temporal and spatial reasoning requirements. Stock Trading (102 tasks,
s61  14.3%), Auction (100 tasks, 14.0%), and Video (90 tasks, 12.6%) each contribute roughly equal
s62 shares, while Social Media (71 tasks, 9.9%) has the smallest set focused on feed personalization and
563 timing-sensitive interactions.
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Figure 5: Distribution of 714 tasks across the six websites in FullStackArena. Ride-hailing and
Map together comprise nearly half of all tasks due to their complex temporal and spatial reasoning
requirements.

se4 A.4 Failure reason decompositions

s65 We categorize the task families and their dominant failure modes for each website below.

se6  A.4.1 Ride-hailing

Family Description

F3 Wait for stochastic price to drop below a specified cap, then book

F4 Within 3 min of login, book at the lowest fare observed across repeated price refreshes
F5 Book a ride, wait for state to flip to in_progress, then report trip duration

F6 Make two consecutive bookings separated by an N-minute wait

F7 Wait until the simulated NY wall-clock reaches a target HH:MM, then book

F8 Make three bookings; both inter-booking gaps must each be > 0.8 x N min

F9 Wait N minutes (no clock anchor) and then book

F10 Book such that the projected arrival lands inside a target time window

Table 3: Ride-hailing task families.

Family Dominant failure mode

F3 Agent fails to scroll to required vehicle type (XL/Black), fabricates or misreads fare

F4 Agent books wrong ride or fails to re-check for lower fare after refresh

F5 Booking zone IDs from autocomplete don’t match postcondition query

F6 Agent hallucinates confirmation numbers not visible in Ul

F7 Agent books the ride too early before the target wall-clock time

F8 Request button label not updated when clicking vehicle card, or wait() fires shorter than
required

F9 Long waits (>7-8 min) cause timeout or JSON validation errors

F10 App has no “schedule for later” control for target-arrival constraints

Table 4: Ride-hailing per-family dominant failure modes.

s67 Across the five baselines on ride-hailing, the dominant gap is that none of the agents reliably executes
ses  the temporal structure each task requires (tables [3]and [d). Under the 30's wait cap every model
s69  scores at 5.2% or below, because F6—F10 require 60 s—10 min explicit pauses that the cap structurally
570 forbids. Removing the cap lifts GPT-5.4 to 40.3% with time information, yet even then the remaining
571 failures expose two recurring issues: (1) wall-clock vs. simulated-clock confusion, where agents
572 make one-shot timestamp readings and issue wait calls that land bookings before the deadline (fig. ),
s73 and (2) UI navigation failures, where agents fail to scroll to the required vehicle type and either
574 fabricate fares or book the wrong ride class.
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575 A.4.2 Arenagram

s76 On the social media site, agents must navigate an infinite-scroll feed, interact with posts through
577 likes, saves, comments, and follows, and manipulate a live recommendation engine that adapts to
578 user behavior (tables[5]and[6). The dominant failure modes fall into two categories: (1) imprecise
579 selection, where agents miscount posts or select adjacent items when targeting specific content, and
580 (2) timing violations, where agents act outside designated time windows or miss deadlines due to the
s81  latency of scrolling and searching. Tasks requiring recommendation manipulation (F3, F6) expose a
ss2  subtler issue: agents often spread engagement across multiple categories rather than concentrating on
583 the target, preventing any single subcategory from reaching dominance.

Family Description

F1 Scroll the feed or visit a profile, pick out a specific post/user/caption, optionally follow/-
like/comment, and report a fact

F2 Scroll the feed, find the first N posts whose category tag matches, like/comment on each,
and report the authors in order

F3 Dwell on posts or like enough posts until the "Your Interests" sidebar crosses a specified
weight percentage, then report the weight/count/subcategory

F4 Wait for the clock to enter a single timed window and perform one or multiple actions
for a specific post or user inside it

F5 Several ordered timing windows with dead zones, rate-limits, alternation, escalating
actions, observe-then-act, or cross-user timed actions

F6 Use any combination of likes/saves/comments/dwells to make your dominant subcategory

in the recommendation engine

Table 5: Arenagram task families.

Family Dominant failure mode

F1 The agent was off by one when selecting posts post/user selection and reported a
plausible-sounding fact without verifying it in the UI

F2 Skips a category post (takes the 2nd, 4th, 5th instead of 1st or 3rd) or double clicks a
like, leaving one action missing

F3 Scrolls past the target post before the dwell timer accumulates, so the weight never
crosses the threshold.

F4 Has a delayed response and acts outside of the designated [¢, ta] time window

F5 Loses track of which phase is active and performs an action inside a dead zone, or misses
a window entirely because scrolling/searching overran it

F6 Builds up multiple categories in parallel instead of concentrating on the target, so the

target subcategory never dominates

Table 6: Arenagram per-family dominant failure modes.

ss4 A.4.3 DyVideo

s85 For the video site, agents perform various actions on shorts, live and on-demand feeds (tables
ses and [§). While current agents are good at navigation, parsing and control tasks, they exhibit far
587 lower performance on temporal tasks, with the dominant failure modes being: (1) not considering
sss  their processing time or inter-step latency in timing sensitive tasks and (2) a lack of patience when
s89 considering tasks complete. For example, ad skip tasks involve the agent skipping an ad as soon as it
590 becomes skippable. Agents routinely miss this window due to large internal processing time and show
s91 anear 0% success rate. A similar failure mode is visible in shorts, where the recommendation system
592  state doesn’t get the correct signals due to the agent spending longer on a particular short than it thinks.
593 Lack of patience manifests in claiming shorts recommenders have been trained after just seeing one
s94 more short from a target category, which is way too early. We notice that, counterintuitively, adding a
s95 capped wait sometimes helps agents, by forcing repeated observations of state (e.g. for GPT 5.4 and
s96  Grok 4.3).
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Family Description

F1 Search or play videos, visit the user profile and interact with the video catalog

F2 Open a video, look at the ad countdown timer, wait for the timer to expire and skip the
ad promptly

F3 Open a video with an ad with an undetermined countdown, wait for the ad to become
skippable, and skip it promptly

F4 On-demand video watch timing in precise windows and recommendation algorithm
training through watch times

F5 From a fresh shorts feed, steer the algorithm to make one category the dominant prefer-
ence through interactions

F6 First build a preference in one category, then flip that preference to another category

F7 Deliberately suppress a category with negative interactions, especially watch time

F8 Create neutral non-target history, and then recover by focusing on another category

F9 Select an upcoming live broadcast at specific times in the future and wait until the

playback starts

Table 7: DyVideo task families.

Family Dominant failure mode

F1 No failure mode

F2 Agents did not skip the ad on time due to a lack of awareness of internal time taken.
While the agents waited for the countdown timer to elapse, ads were either not skipped
at all, or skipped very late

F3 Ads were not skipped at all, or skipped very late due to the observe-think-act loop being
too slow to react to the ad becoming skippable

F4 Agents assumed they could act on the observed timestamp directly, but that wasn’t
usually the case

F5 Agents often used a simplistic "like" target, "dislike" everything else without considering
watch times

Fo6 While the agent considered watch times, it terminated too quickly without training the
flipped category enough

F7 Registering negative signals involves skipping the video with less than 10% of watch

time. Failures occurred due to mismatch between observation, loop latency, and actual
recorded skip time

F8 Failures occur due to imprecision, non-target shorts are too short or too long to be
considered neutral watches
F9 Agents rouninely observe partial state, think its complete and declare the task as incor-

rectly done

Table 8: DyVideo per-family dominant failure modes.

597 A.4.4 Auction

s98 On the auction site, agents must navigate category listings, track bid activity over time, and place
599 bids at precise moments or under specific conditions (tables [0 and[T0). The dominant failure modes
600 center on two issues: (1) timing precision errors, where agents check prices or place bids seconds off
601 from the required wall-clock time, and (2) data extraction failures, where agents struggle to reliably
602 scrape listing information across paginated results and either fabricate values or bid on rank-adjacent
603 items. Tasks requiring sitewide comparisons (F5) reveal that most agents rely on visual scrolling that
604 truncates results, while only GPT-5.4 consistently uses JavaScript DOM queries to extract complete
605 data.

606 A.4.5 Map

607 Our results on the Map benchmark show that, with the exception of DeepSeek V4, the other four
608 models exhibit basic but very limited visual analysis capabilities in the complex map environment,
609 with Grok 4.3 and GPT-5.4 standing out relatively. The two tables present our family taxonomy
sto (Table[TT) and the dominant failure modes (Table [12).
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Family Description

F1 Single-category item selection with timed or conditional bid (e.g., find item in Electronics,
wait 5 min, bid if condition met)

F2 Monitor bid activity and bid on item with most growth (e.g., watch items, wait 5 min,
bid on one with most new bids)

F3 User tracking with conditional bid (e.g., find items Jane Smith bid on, wait, bid based on
her activity)

F4 Bid ratio computation with timed bid (e.g., compute current/starting bid ratios, find item
closest to 2, bid at 7:09 AM)

F5 Sitewide ranking with timed bid (e.g., rank all items by current bid across all categories,
bid on 4th highest)

F6 Cross-category comparison with conditional bid (e.g., compare highest bid in Electronics

vs Home & Kitchen, bid on winner)
Table 9: Auction task families.

Family Dominant failure mode

F1 Timing precision errors — agent checked at wrong time (e.g., 7:05:07 instead of exactly
7:05) or claimed success without actually clicking Place Bid
F2 Extraction retry loops — agents attempt dozens of strategies (extract, find_elements,

evaluate) without obtaining complete listing data; when successful, often bids on rank-
adjacent items

F3 Data fabrication — agents report items with prices that don’t match page state, or fail to
navigate to the correct user’s bid history

F4 Ratio miscalculation or timeout — agents compute ratios incorrectly or spend too long
on extraction, missing the timed bid window

F5 Incomplete sitewide extraction — agents rely on visual scrolling that truncates results;
only GPT-5.4 uses JavaScript DOM queries to extract all 260 listings in one step

F6 Category navigation errors — agents click wrong categories or miss one category entirely

when comparing across multiple

Table 10: Auction per-family dominant failure modes.

611 A.4.6 Stock Trading

612 On the stock trading site, agents must monitor real-time price movements, compare metrics across
613 stocks and sectors, and execute trades at precise wall-clock times (tables|13|and . The dominant
614 failure modes center on (1) timing drift, where cumulative inter-step latency causes agents to execute
615 trades outside the valid time window, and (2) incomplete data extraction, where agents scan only a
616 subset of stocks in a sector and miss the actual largest mover. Tasks requiring bid-ask spread checks
617 (F5) reveal that most agents conflate the spread with individual bid or ask prices, leading to incorrect
618 conditional decisions.

619  A.5 Limitations and Future Work

620 While FullStackArena captures dynamic, stateful, and temporal behaviors absent from prior browser-
621 use benchmarks, there are several limitations and work left for future.

622 Approximation of real-world applications. Our six applications are faithful reimplementations of
623 widely used web services, but they cannot fully reproduce the scale, feature breadth, or proprietary
624 backend logic of their commercial counterparts (e.g., TikTok’s recommendation embeddings or
625 Uber’s surge pricing model). We trade some realism for reproducibility.

626 Deterministic dynamics. To enable controlled evaluation, all temporal signals, including surge
627 multipliers, market ticks, ad countdowns, traffic curves, and recommendation scores are produced
628 by deterministic functions of a simulated clock and seeded RNGs. Real systems are additionally
629 driven by external events (other live users, market data feeds, breaking news) that we cannot replicate
630 without sacrificing reset-and-replay. Agents that succeed on FullStackArena may still encounter
631 behaviors outside our distribution when deployed on the live web.
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Family Description

F1 Set the mock clock to different times, use “Leave now” to read clock-state-dependent
ETAs, and compare across clock states

F2 Scan multiple departure hours within a day and report the min/max ETA or whether they
cross a threshold

F3 Compare route orderings across departure times and detect the moment when the fastest
route changes

F4 Cross weekday x hour interactions: compare ETAs between weekdays and weekends
across multiple hours of the day

F5 Repeatedly advance the clock (via API or ticking) and analyze trends, jumps, and peaks
in the resulting ETA sequence

F6 Add waypoints and compare how departure timing affects multi-leg trips differently
across segments

F7 Navigate Street View panoramas and perform visual reasoning over signs, storefronts,
and scene elements

F8 Watch ETAs change as the clock ticks and report the moment a travel time crosses a

given threshold

Table 11: Map task families.

Family Dominant failure mode

F1 Models lose track over long sequences, skipping a clock advance shifts every later ETA

F2 After many date/hour switches, models often pick the wrong hour even when the ETAs
are read correctly

F3 Models read the highlighted route card instead of taking the minimum across all cards,
mismatching the meaning of “best route”

F4 Models struggle to maintain consistent accuracy across many weekday/weekend ETA
reads; state drift and accumulated reading errors corrupt the final gap comparison

F5 Multiple clock advances strain state tracking, and the added trend/peak math leaves no
room for arithmetic slips

F6 Same multi-card confusion as F3, plus unstable waypoint interactions; any single wrong
segment breaks the multi-leg comparison

F7 Visual perception bottleneck: fine details get misread, and non-visual models cannot
attempt these tasks at all

F8 Long advance chains drop steps and corrupt every downstream threshold check

Table 12: Map per-family dominant failure modes.

632 Human baseline. We do not currently report a human baseline. We plan to pursue an IRB-approved
633 human study to establish this baseline and contextualize the gap between current agents and human
634 performance.

635 A.6 Compute Resources

636 Web environment host. All FullStackArena websites and their backend services are containerized
637 and run on a single host with an Intel Xeon Platinum 8253 CPU (2.20 GHz), 1.5 TB of RAM, and
638 2'TB of local storage. No GPU is required to host the environments.

639 Agent inference. All five evaluated baselines (DeepSeek-V4-Pro, Gemini-2.5-Pro, Qwen3-VL-235B-
640 A22B, Grok-4.3, GPT-5.4) are accessed via their respective hosted inference APIs. Aggregate API
641 token consumption across all baseline rollouts reported in this paper, including the capped/uncapped
s42 and time-information ablations, is approximately 2 x 10° tokens.

643 A.7 Licenses and Terms of Use

44 table[[3]lists each external asset, its source, and its license used in FullStackArena. We use each asset
645 under terms compatible with non-commercial research and the released benchmark distribution.
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Family Description

F1 Conditional buy based on comparison (e.g., compare volume/price of multiple stocks,
buy the winner)

F2 Monitor and report metrics (e.g., watch AAPL and MSFT for 5 min, report which had
higher intraday high)

F3 Timed trading at specific wall-clock time (e.g., wait until 9:37 AM, then execute trade)

F4 Sector-wide comparison (e.g., find which stock in Technology sector had largest % drop
in intraday low)

F5 Bid-ask spread check with conditional buy (e.g., wait until 9:38 AM, check spread, buy
if under $1.00)

F6 Conditional watchlist management (e.g., monitor stocks 5 min, add to watchlist only

those with price increase)
Table 13: Stock Trading task families.

Family Dominant failure mode

F1 Comparison errors — agent misreads price/volume data or compares wrong time win-
dows; occasionally buys both stocks instead of the winner

F2 Metric extraction failures — agent reports plausible but incorrect values, or confuses
intraday high with closing price

F3 Wall-clock timing drift — agent’s cumulative wait undershoots or overshoots target time

due to inter-step latency; executes trade outside the valid window

F4 Incomplete sector scan — agent checks subset of sector stocks and misses the actual
largest mover; often reports second-largest instead

F5 Spread misinterpretation — agent reads bid or ask price instead of spread, or fails to
wait until the exact specified time before checking

Fo6 Premature watchlist action — agent adds stocks before the observation period ends,

missing price changes that would have disqualified them
Table 14: Stock Trading per-family dominant failure modes.

Asset Source License / Terms

NYC TLC trip records NYC Taxi & Limousine Commission NYC Open Data (public, “as is”)
NYC taxi zone shapefiles NYC TLC NYC Open Data

OpenStreetMap (tiles, geocoding, routing) openstreetmap.org ODbL 1.0

Mapillary panoramas (Graph API) mapillary.com CC-BY-SA 4.0 + Mapillary API ToS
WebArena product listings Zhou et al. [44] Apache-2.0

Historical stock prices and fundamentals Open data NA

Arenagram images (1,000 images, 7 categories) Open data NA

Public YouTube videos (HLS segments via ffmpeg) youtube.com NA

Table 15: Licenses and terms of use for external datasets used in FullStackArena.
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sss  NeurIPS Paper Checklist

647 1. Claims

648 Question: Do the main claims made in the abstract and introduction accurately reflect the
649 paper’s contributions and scope?

650 Answer: [Yes]

651 Justification: The abstract and introduction state our contributions: a self-hosted, determin-
652 istic, time-aware browser-agent benchmark and a measured agent-vs-human gap, which
653 match the implementations and results in section [3|and section [A]

654 Guidelines:

655 e The answer [N/A] means that the abstract and introduction do not include the claims
656 made in the paper.

657 * The abstract and/or introduction should clearly state the claims made, including the
658 contributions made in the paper and important assumptions and limitations. A or
659 [N/A] answer to this question will not be perceived well by the reviewers.

660 * The claims made should match theoretical and experimental results, and reflect how
661 much the results can be expected to generalize to other settings.

662 * It is fine to include aspirational goals as motivation as long as it is clear that these goals
663 are not attained by the paper.

664 2. Limitations

665 Question: Does the paper discuss the limitations of the work performed by the authors?
666 Answer: [Yes]

667 Justification: We discussed the limitations and future works in section[A.3]

668 Guidelines:

669 * The answer [N/A] means that the paper has no limitation while the answer means
670 that the paper has limitations, but those are not discussed in the paper.

671  The authors are encouraged to create a separate “Limitations” section in their paper.
672 * The paper should point out any strong assumptions and how robust the results are to
673 violations of these assumptions (e.g., independence assumptions, noiseless settings,
674 model well-specification, asymptotic approximations only holding locally). The authors
675 should reflect on how these assumptions might be violated in practice and what the
676 implications would be.

677 * The authors should reflect on the scope of the claims made, e.g., if the approach was
678 only tested on a few datasets or with a few runs. In general, empirical results often
679 depend on implicit assumptions, which should be articulated.

680 * The authors should reflect on the factors that influence the performance of the approach.
681 For example, a facial recognition algorithm may perform poorly when image resolution
682 is low or images are taken in low lighting. Or a speech-to-text system might not be
683 used reliably to provide closed captions for online lectures because it fails to handle
684 technical jargon.

685 * The authors should discuss the computational efficiency of the proposed algorithms
686 and how they scale with dataset size.

687 * If applicable, the authors should discuss possible limitations of their approach to
688 address problems of privacy and fairness.

689 * While the authors might fear that complete honesty about limitations might be used by
690 reviewers as grounds for rejection, a worse outcome might be that reviewers discover
691 limitations that aren’t acknowledged in the paper. The authors should use their best
692 judgment and recognize that individual actions in favor of transparency play an impor-
693 tant role in developing norms that preserve the integrity of the community. Reviewers
694 will be specifically instructed to not penalize honesty concerning limitations.

695 3. Theory assumptions and proofs

696 Question: For each theoretical result, does the paper provide the full set of assumptions and
697 a complete (and correct) proof?
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698 Answer: [N/A]

699 Justification: The paper contains no formal theorems or proofs; the POMDP formulation is
700 descriptive.

701 Guidelines:

702 » The answer [N/A] means that the paper does not include theoretical results.

703 * All the theorems, formulas, and proofs in the paper should be numbered and cross-
704 referenced.

705 * All assumptions should be clearly stated or referenced in the statement of any theorems.
706 * The proofs can either appear in the main paper or the supplemental material, but if
707 they appear in the supplemental material, the authors are encouraged to provide a short
708 proof sketch to provide intuition.

709 * Inversely, any informal proof provided in the core of the paper should be complemented
710 by formal proofs provided in appendix or supplemental material.

711 ¢ Theorems and Lemmas that the proof relies upon should be properly referenced.

712 4. Experimental result reproducibility

713 Question: Does the paper fully disclose all the information needed to reproduce the main ex-
714 perimental results of the paper to the extent that it affects the main claims and/or conclusions
715 of the paper (regardless of whether the code and data are provided or not)?

716 Answer: [Yes]

717 Justification: crefsec:solution formalizes the environment, observation/action spaces, and
718 evaluation rubrics. section [A] documents each website’s stack, data sources, simulator
719 dynamics, deterministic reset, and task families.

720 Guidelines:

721 The answer [IN/A] means that the paper does not include experiments.

722 * If the paper includes experiments, a answer to this question will not be perceived
723 well by the reviewers: Making the paper reproducible is important, regardless of
724 whether the code and data are provided or not.
725 * If the contribution is a dataset and/or model, the authors should describe the steps taken
726 to make their results reproducible or verifiable.
727 * Depending on the contribution, reproducibility can be accomplished in various ways.
728 For example, if the contribution is a novel architecture, describing the architecture fully
729 might suffice, or if the contribution is a specific model and empirical evaluation, it may
730 be necessary to either make it possible for others to replicate the model with the same
731 dataset, or provide access to the model. In general. releasing code and data is often
732 one good way to accomplish this, but reproducibility can also be provided via detailed
733 instructions for how to replicate the results, access to a hosted model (e.g., in the case
734 of a large language model), releasing of a model checkpoint, or other means that are
735 appropriate to the research performed.
736 * While NeurIPS does not require releasing code, the conference does require all submis-
737 sions to provide some reasonable avenue for reproducibility, which may depend on the
738 nature of the contribution. For example
739 (a) If the contribution is primarily a new algorithm, the paper should make it clear how
740 to reproduce that algorithm.
741 (b) If the contribution is primarily a new model architecture, the paper should describe
742 the architecture clearly and fully.
743 (c) If the contribution is a new model (e.g., a large language model), then there should
744 either be a way to access this model for reproducing the results or a way to reproduce
745 the model (e.g., with an open-source dataset or instructions for how to construct
746 the dataset).
747 (d) We recognize that reproducibility may be tricky in some cases, in which case
748 authors are welcome to describe the particular way they provide for reproducibility.
749 In the case of closed-source models, it may be that access to the model is limited in
750 some way (e.g., to registered users), but it should be possible for other researchers
751 to have some path to reproducing or verifying the results.
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752 5. Open access to data and code

753 Question: Does the paper provide open access to the data and code, with sufficient instruc-
754 tions to faithfully reproduce the main experimental results, as described in supplemental
755 material?
756 Answer: [Yes]
757 Justification: We release code, Docker images, and task suites at https://anonymous,
758 4open.science/r/fullstackarena_submission-126B/,
759 Guidelines:
760 » The answer [N/A] means that paper does not include experiments requiring code.
761 * Please see the NeurIPS code and data submission guidelines (https://neurips.cc/
762 public/guides/CodeSubmissionPolicy) for more details.
763 * While we encourage the release of code and data, we understand that this might not
764 be possible, so is an acceptable answer. Papers cannot be rejected simply for not
765 including code, unless this is central to the contribution (e.g., for a new open-source
766 benchmark).
767 * The instructions should contain the exact command and environment needed to run to
768 reproduce the results. See the NeurIPS code and data submission guidelines (https:
769 //neurips.cc/public/guides/CodeSubmissionPolicy) for more details.
770 * The authors should provide instructions on data access and preparation, including how
771 to access the raw data, preprocessed data, intermediate data, and generated data, etc.
772 * The authors should provide scripts to reproduce all experimental results for the new
773 proposed method and baselines. If only a subset of experiments are reproducible, they
774 should state which ones are omitted from the script and why.
775 * At submission time, to preserve anonymity, the authors should release anonymized
776 versions (if applicable).
777 * Providing as much information as possible in supplemental material (appended to the
778 paper) is recommended, but including URLSs to data and code is permitted.
779 6. Experimental setting/details
780 Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-
781 rameters, how they were chosen, type of optimizer) necessary to understand the results?
782 Answer: [Yes]
783 Justification: section[A](Baselines) lists the five evaluated LLMs (DeepSeek-V4-Pro, Gemini-
784 2.5-Pro, Qwen3-VL-235B-A22B, Grok-4.3, GPT-5.4), interaction budgets, and the temporal-
785 information ablation. Per-website task families and task counts are documented in section[Al
786 Guidelines:
787 » The answer [N/A] means that the paper does not include experiments.
788 » The experimental setting should be presented in the core of the paper to a level of detail
789 that is necessary to appreciate the results and make sense of them.
790 * The full details can be provided either with the code, in appendix, or as supplemental
791 material.
792 7. Experiment statistical significance
793 Question: Does the paper report error bars suitably and correctly defined or other appropriate
794 information about the statistical significance of the experiments?
795 Answer:
796 Justification: Success rates are reported as point estimates. Multi-seed runs were not feasible
797 given LLM inference API cost and rate-limit constraints.
798 Guidelines:
799 * The answer [N/A] means that the paper does not include experiments.
800 * The authors should answer [ Yes] if the results are accompanied by error bars, confidence
801 intervals, or statistical significance tests, at least for the experiments that support the
802 main claims of the paper.
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803 * The factors of variability that the error bars are capturing should be clearly stated (for

804 example, train/test split, initialization, random drawing of some parameter, or overall
805 run with given experimental conditions).
806 * The method for calculating the error bars should be explained (closed form formula,
807 call to a library function, bootstrap, etc.)
808 * The assumptions made should be given (e.g., Normally distributed errors).
809 ¢ It should be clear whether the error bar is the standard deviation or the standard error
810 of the mean.
811 e It is OK to report 1-sigma error bars, but one should state it. The authors should
812 preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
813 of Normality of errors is not verified.
814 * For asymmetric distributions, the authors should be careful not to show in tables or
815 figures symmetric error bars that would yield results that are out of range (e.g., negative
816 error rates).
817 * If error bars are reported in tables or plots, the authors should explain in the text how
818 they were calculated and reference the corresponding figures or tables in the text.
819 8. Experiments compute resources
820 Question: For each experiment, does the paper provide sufficient information on the com-
821 puter resources (type of compute workers, memory, time of execution) needed to reproduce
822 the experiments?
823 Answer: [Yes]
824 Justification: Host machine spec total agent token usage are reported in section
825 Guidelines:
826 » The answer [N/A] means that the paper does not include experiments.
827 * The paper should indicate the type of compute workers CPU or GPU, internal cluster,
828 or cloud provider, including relevant memory and storage.
829 * The paper should provide the amount of compute required for each of the individual
830 experimental runs as well as estimate the total compute.
831 * The paper should disclose whether the full research project required more compute
832 than the experiments reported in the paper (e.g., preliminary or failed experiments that
833 didn’t make it into the paper).
834 9. Code of ethics
835 Question: Does the research conducted in the paper conform, in every respect, with the
836 NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines]?
837 Answer: [Yes]
838 Justification: This research conforms with the NeurIPS Code of Ethics in every respect.
839 Guidelines:
840 * The answer [N/A] means that the authors have not reviewed the NeurIPS Code of
841 Ethics.
842 e If the authors answer , they should explain the special circumstances that require a
843 deviation from the Code of Ethics.
844 * The authors should make sure to preserve anonymity (e.g., if there is a special consid-
845 eration due to laws or regulations in their jurisdiction).
846 10. Broader impacts
847 Question: Does the paper discuss both potential positive societal impacts and negative
848 societal impacts of the work performed?
849 Answer: [Yes]
850 Justification: The benchmark focuses on evaluating agent capabilities in controlled, self-
851 hosted environments. While the tasks involve domains like bidding and trading, the environ-
852 ments are sandboxed simulations that do not interact with real systems. The primary societal
853 benefit is enabling safer development of web agents by exposing temporal reasoning failures
854 before deployment.
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855 Guidelines:

856 * The answer [N/A] means that there is no societal impact of the work performed.
857 * If the authors answer [N/A] or , they should explain why their work has no societal
858 impact or why the paper does not address societal impact.
859 » Examples of negative societal impacts include potential malicious or unintended uses
860 (e.g., disinformation, generating fake profiles, surveillance), fairness considerations
861 (e.g., deployment of technologies that could make decisions that unfairly impact specific
862 groups), privacy considerations, and security considerations.
863 » The conference expects that many papers will be foundational research and not tied
864 to particular applications, let alone deployments. However, if there is a direct path to
865 any negative applications, the authors should point it out. For example, it is legitimate
866 to point out that an improvement in the quality of generative models could be used to
867 generate Deepfakes for disinformation. On the other hand, it is not needed to point out
868 that a generic algorithm for optimizing neural networks could enable people to train
869 models that generate Deepfakes faster.
870 * The authors should consider possible harms that could arise when the technology is
871 being used as intended and functioning correctly, harms that could arise when the
872 technology is being used as intended but gives incorrect results, and harms following
873 from (intentional or unintentional) misuse of the technology.
874 * If there are negative societal impacts, the authors could also discuss possible mitigation
875 strategies (e.g., gated release of models, providing defenses in addition to attacks,
876 mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
877 feedback over time, improving the efficiency and accessibility of ML).
878 11. Safeguards
879 Question: Does the paper describe safeguards that have been put in place for responsible
880 release of data or models that have a high risk for misuse (e.g., pre-trained language models,
881 image generators, or scraped datasets)?
882 Answer: [N/A]
883 Justification: We release self-hosted environments and tasks only—no pretrained models or
884 scraped personal data with notable misuse risk.
885 Guidelines:
886 * The answer [N/A] means that the paper poses no such risks.
887 * Released models that have a high risk for misuse or dual-use should be released with
888 necessary safeguards to allow for controlled use of the model, for example by requiring
889 that users adhere to usage guidelines or restrictions to access the model or implementing
890 safety filters.
891 * Datasets that have been scraped from the Internet could pose safety risks. The authors
892 should describe how they avoided releasing unsafe images.
893 * We recognize that providing effective safeguards is challenging, and many papers do
894 not require this, but we encourage authors to take this into account and make a best
895 faith effort.
896 12. Licenses for existing assets
897 Question: Are the creators or original owners of assets (e.g., code, data, models), used in
898 the paper, properly credited and are the license and terms of use explicitly mentioned and
899 properly respected?
900 Answer: [Yes]
901 Justification: Data sources are credited in section E] (Website implementations), and sec-
902 tion[A.7] (table[T3) lists licenses and terms of use.
903 Guidelines:
904 * The answer [N/A] means that the paper does not use existing assets.
905 * The authors should cite the original paper that produced the code package or dataset.
906  The authors should state which version of the asset is used and, if possible, include a
907 URL.
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908 * The name of the license (e.g., CC-BY 4.0) should be included for each asset.

909 * For scraped data from a particular source (e.g., website), the copyright and terms of
910 service of that source should be provided.
911  If assets are released, the license, copyright information, and terms of use in the
912 package should be provided. For popular datasets, paperswithcode.com/datasets
913 has curated licenses for some datasets. Their licensing guide can help determine the
914 license of a dataset.
915 * For existing datasets that are re-packaged, both the original license and the license of
916 the derived asset (if it has changed) should be provided.
917 * If this information is not available online, the authors are encouraged to reach out to
918 the asset’s creators.
919 13. New assets
920 Question: Are new assets introduced in the paper well documented and is the documentation
921 provided alongside the assets?
922 Answer: [Yes]
923 Justification: The appendix documents each website, the deterministic reset procedure, task
924 families, and evaluation schema for the released benchmark.
925 Guidelines:
926 * The answer [N/A] means that the paper does not release new assets.
927 * Researchers should communicate the details of the dataset/code/model as part of their
928 submissions via structured templates. This includes details about training, license,
929 limitations, etc.
930 * The paper should discuss whether and how consent was obtained from people whose
931 asset is used.
932 * At submission time, remember to anonymize your assets (if applicable). You can either
933 create an anonymized URL or include an anonymized zip file.
934 14. Crowdsourcing and research with human subjects
935 Question: For crowdsourcing experiments and research with human subjects, does the paper
936 include the full text of instructions given to participants and screenshots, if applicable, as
937 well as details about compensation (if any)?
938 Answer: [N/A]
939 Justification: This research does not involve crowdsourcing nor research with human
940 subjects; this paper does not include a human baseline.
941 Guidelines:
942 * The answer [N/A]| means that the paper does not involve crowdsourcing nor research
943 with human subjects.
944 * Including this information in the supplemental material is fine, but if the main contribu-
945 tion of the paper involves human subjects, then as much detail as possible should be
946 included in the main paper.
947 * According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
948 or other labor should be paid at least the minimum wage in the country of the data
949 collector.
950 15. Institutional review board (IRB) approvals or equivalent for research with human
951 subjects
952 Question: Does the paper describe potential risks incurred by study participants, whether
953 such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
954 approvals (or an equivalent approval/review based on the requirements of your country or
955 institution) were obtained?
956 Answer: [N/A]
957 Justification: This research does not involve crowdsourcing nor research with human
958 subjects.
959 Guidelines:
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paperswithcode.com/datasets

960 * The answer [N/A] means that the paper does not involve crowdsourcing nor research

961 with human subjects.

962 * Depending on the country in which research is conducted, IRB approval (or equivalent)
963 may be required for any human subjects research. If you obtained IRB approval, you
964 should clearly state this in the paper.

965 * We recognize that the procedures for this may vary significantly between institutions
966 and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
967 guidelines for their institution.

968 * For initial submissions, do not include any information that would break anonymity (if
969 applicable), such as the institution conducting the review.

970 16. Declaration of LLM usage

971 Question: Does the paper describe the usage of LLMs if it is an important, original, or
972 non-standard component of the core methods in this research? Note that if the LLM is used
973 only for writing, editing, or formatting purposes and does not impact the core methodology,
974 scientific rigor, or originality of the research, declaration is not required.

975 Answer: [N/A]

976 Justification: The core method development in this research does not involve LLMs as any
977 important, original, or non-standard components.

978 Guidelines:

979 * The answer [N/A] means that the core method development in this research does not
980 involve LLMs as any important, original, or non-standard components.

981 * Please refer to our LLM policy in the NeurIPS handbook for what should or should not
982 be described.
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