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Abstract

To achieve successful assistance with long-horizon web-
based tasks, AI agents must be able to sequentially follow
real-world user instructions over a long period. Unlike exist-
ing web-based agent benchmarks, sequential instruction fol-
lowing in the real world poses significant challenges beyond
performing a single, clearly defined task. For instance, real-
world human instructions can be ambiguous, require different
levels of AI assistance, and may evolve over time, reflecting
changes in the user’s mental state. To address this gap, we in-
troduce RealWebAssist, a novel benchmark designed to eval-
uate sequential instruction-following in realistic scenarios in-
volving long-horizon interactions with the web, visual GUI
grounding, and understanding ambiguous real-world user in-
structions. RealWebAssist includes a dataset of sequential in-
structions collected from real-world human users. Each user
instructs a web-based assistant to perform a series of tasks on
multiple websites. A successful agent must reason about the
true intent behind each instruction, keep track of the men-
tal state of the user, understand user-specific routines, and
ground the intended tasks to actions on the correct GUI el-
ements. Our experimental results show that state-of-the-art
models struggle to understand and ground user instructions,
posing critical challenges in following real-world user in-
structions for long-horizon web assistance.

Introduction
As an integral part of people’s daily life, many of our ev-
eryday tasks are performed on the internet. With the tremen-
dous advances in open-ended agents driven by large reason-
ing models (LRMs) and vision-language models (VLMs),
there has been increasing interest in engineering web-based
agents that can assist humans with complex tasks on the web
following humans’ instructions (Zheng et al. 2024a; Nakano
et al. 2022). Recent works have demonstrated the promising
performance of web-based agents on planning (Putta et al.
2024; Wang et al. 2024; Yao et al. 2023) and Graphical User
Interface (GUI) grounding (Cheng et al. 2024; Wu et al.
2024b; Gou et al. 2024; Yang et al. 2024; Xu et al. 2024),
across diverse websites, tasks, and GUI interfaces.

Despite these encouraging results, there have not been
systematic studies on long-horizon web assistance with real-
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world users. Existing benchmarks (e.g., (Zhou et al. 2023;
Deng et al. 2024; Cheng et al. 2024; Yao et al. 2022; Jang
et al. 2024)) typically focus on performing a task based on
a single instruction. Additionally, the instructions in the cur-
rent benchmarks were not collected from real users during
natural web use sessions, lacking the realism of real user in-
structions. As a result, these benchmarks do not capture the
full complexity of real users’ web behavior and instructions.

To bridge this gap, we propose RealWebAssist, the first
sequential instruction following benchmark that evaluates
long-horizon web assistance with real-world users. As illus-
trated in Figure 1, to perform a task, a user will instruct an
AI assistant in a long sequence. Based on the past instruc-
tions and screenshots, the AI assistant must execute one or
a few steps of actions to perform the latest instruction. Ad-
ditionally, a user can engage in repeated interactions over
a series of tasks with the assistant in a long session up to
40 minutes. To construct RealWebAssist, we recruited real
users to instruct an assistant to perform multiple real-world
tasks on the web. We created a large dataset with real user
instructions (in both speech and text) for diverse real-world
tasks and websites (as shown in Figure 2).

The sequential instruction following tasks in our RealWe-
bAssist benchmark reflect the natural human behavior on
the web. First, real-world users may not initially know what
they are looking for. Thus, they need to engage in informa-
tion seeking on multiple web pages (e.g., step 1-2 in Fig-
ure 1), sometimes even across websites. Second, based on
new information such as product reviews, users may change
their minds (e.g., step 3). Third, users give simple instruc-
tions that are seemingly ambiguous out of the context but
could be interpreted based on spatial and temporal context
via pragmatic reasoning (Goodman and Frank 2016; Fried
et al. 2023). For instance, the third instruction in Figure 1
does not explicitly describe which product, but an intelli-
gent assistant should be able to infer the true user intent and
correctly select the product in the user’s mind. Lastly, in our
benchmark, users can browse the websites and have the au-
tonomy to make critical decisions (such as purchasing) on
their own, which is complementary to existing benchmarks
that focus on agents’ planning ability to fully complete the
tasks without human involvement.

We systematically evaluate state-of-the-art models, in-
cluding GUI grounding, VLMs, and large reasoning mod-
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Figure 1: An example sequential instruction following task with a real-world user. The red circles indicate the correct actions
based on the user’s spoken instructions. Sequential instructions introduce unique challenges, such as the need to retain and
reason over past context. For instance, the instruction in step 3 requires information from step 1 to be correctly interpreted.
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Figure 2: Examples of general task categories (left) and websites visited (right) in RealWebAssist. The tasks span a wide
range of real-world scenarios, from shopping to food & entertainment to travel planning, which encourages users to visit many
different websites.

els. Experimental results reveal that these models lack sev-
eral key abilities, including grounding, understanding user
intents, reasoning about spatial and temporal context, and
adapting to user-specific routines.

Related Works
Web Agent Benchmarks. Existing web agent benchmarks
primarily evaluate the performance of web agents on tasks
with clearly defined, unambiguous instructions, often over-
looking the complexities of real-world users’ behavior and
their instructions to an AI assistant. On WebArena (Zhou
et al. 2023), Mind2Web (Deng et al. 2024), and WebShop
(Yao et al. 2022), an agent follows a single instruction to
perform an isolated task. While they offer an evaluation
of an agent’s planning capacity, they lack the evaluation
of an agent’s ability to follow a long sequence of user in-
structions on long-horizon web tasks. There have also been
GUI grounding benchmarks, such as ScreenSpot (Cheng
et al. 2024), that focused on grounding simple instructions
to clicking actions on webpages. These instructions only in-
struct web agents to click web elements rather than reach-
ing a user goal (e.g., purchasing an item). WebLINX (Lù,
Kasner, and Reddy 2024) features sequential instruction fol-
lowing. However, the instructions were generated by annota-
tors who received detailed guidelines and extensive training,
rather than by actual users. The resulting instructions do not
capture the nuances and complexity of real-world user in-
structions that naturally emerge in interactions with an as-

sistant. In contrast, RealWebAssist consists of sequential in-
struction following tasks for assisting real-world users, pro-
viding a novel set of challenges necessary for long-horizon
web assistance for real-world users. Table 1 summarizes key
differences between RealWebAssist and prior benchmarks.

Autonomous Web Agents. There have been many recent
works on engineering autonomous web agents through re-
trieval augmented planning (Kim et al. 2024; Zhou et al.
2024; Wu et al. 2024a; He et al. 2024; Pan et al. 2024),
finetuning (Hong et al. 2024; Gur et al. 2024; Deng et al.
2024; Pang et al. 2024; Zhang and Zhang 2024), learning
workflows (Zhang et al. 2023; Wang et al. 2024; Zheng et al.
2024b; Majumder et al. 2023; Cai et al. 2024), reinforcement
learning (Liu et al. 2018; Shi et al. 2017; Nogueira and Cho
2016; Humphreys et al. 2022), and combinations of these
methods (Liu et al. 2023; Putta et al. 2024). These works
focus on planning for a single task. However, there has not
been much work on understanding and following real-world
users’ sequential instructions on long-horizon tasks.

GUI Grounding. One key ability for web agents in many
assistance tasks is to ground instructions to clicking actions
on a webpage. Recent works have explored VLM finetuning
(e.g., (Gou et al. 2024; Wu et al. 2024b; Yang et al. 2024,
2025; Wu et al. 2025; Qin et al. 2025; Xu et al. 2025; Yuan
et al. 2025)) as well as prompting pretrained VLMs with seg-
mentations of web elements (e.g., (Yang et al. 2023)) for en-
abling GUI grounding. These methods generate coordinates
or bounding boxes on webpages to indicate where to click.
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Benchmark Real User Sequential
Instructions

Real
Websites

GUI
Grounding

Speech #
Instructions

SreenSpot (Cheng et al. 2024) ✗ ✗ ✓ ✓ ✗ 1200+
WebArena (Zhou et al. 2023) ✗ ✗ ✗ ✗ ✗ 812
Mind2Web (Deng et al. 2024) ✗ ✗ ✓ ✗ ✗ 2000+
WebLINX (Lù, Kasner, and Reddy 2024) ✗ ✓ ✓ ✗ ✗ 512
VideoWebArena (Jang et al. 2024) ✗ ✗ ✗ ✗ ✓ 2021
WebShop (Yao et al. 2022) ✗ ✗ ✗ ✗ ✗ 12087
BearCubs (Song et al. 2025) ✗ ✗ ✓ ✗ ✗ 111

RealWebAssist (Ours) ✓ ✓ ✓ ✓ ✓ 1885

Table 1: Comparison between RealWebAssist and existing web agent benchmarks on several key aspects: (1) whether instruc-
tions were given by real-world users instead of annotators, (2) whether there is a sequence of instructions, (3) whether there
are real-world websites, (4) whether the agent needs to execute actions by selecting coordinates on webpages, (5) whether the
instructions are speech instructions, and (6) the number of total instructions.

“Ok, buy this item” “Let’s do All Airports”

Figure 3: Multiple actions can satisfy a user’s intent. A web
agent’s action is considered correct if the coordinate they
provide is within one of the annotated correct regions.

They have only been trained on low-level instructions that
clearly refer to web elements. It remains unclear if they can
understand real-world user instructions that must be inter-
preted considering context or may refer to high-level goals.

RealWebAssist Benchmark
Problem Setup
RealWebAssist evaluates agents’ ability to follow long-
horizon, sequential web instructions to assist users with their
high-level goals. In each task, a human user will try to reach
an open-ended goal such as “buy formal outfits for a formal
event” by instructing the assistant through a series of spo-
ken instructions. The dataset is collected from interactions
between human users and human assistants in a human ex-
periment. To evaluate agents, we use the human assistants’
actions to evaluate the agents’ success.

In RealWebAssist, a web agent has access to the current
instruction, webpage (as a screenshot), and all the past inter-
actions (previous instructions & screenshots of webpages).
Since we are focusing on tasks on real-world websites, it
is challenging to ensure safety and reproducibility in an in-
teractive evaluation setting. Therefore, we adopt an offline
evaluation setting following prior web-based agent bench-
marks with real websites (Deng et al. 2024; Cheng et al.
2024). Specifically, for each instruction collected from the
human experiment, the agent needs to identify the correct el-
ement to interact with by providing a coordinate or a bound-

ing box to click on the webpage. As shown by figure 3, a
web agent’s action is considered correct if the coordinate or
the center of the bounding box they provide falls in the an-
notated correct regions on the webpage. If there are multiple
steps corresponding to one instruction, we evaluate if the
web agent’s actions for the same instruction are all correct.

Evaluation Metrics
We consider the following evaluation metrics:
• Task success rate: A task is successful if the web agent

can correctly produce actions for all instructions in a task.
• Average progress: We measure the progress of a task by

the percentage of consecutive instructions the web agent
can successfully perform before its first error in the task.

• Step success rate: We also consider a teacher forcing
setting as a simpler, diagnostic evaluation, where the web
agent will only need to follow the instruction at a sin-
gle step of a task assuming all previous instructions have
been successfully performed.

Dataset Construction
Setup. We recruited 10 participants (4 female, 6 male, mean
age = 20 years) from a US university campus, none of whom
had prior knowledge of the study’s purpose, to construct the
dataset. All participants were native or fluent English speak-
ers. Each participant completed a 40-minute real-world web
assistance session in which they tackled a series of open-
ended tasks designed to encourage diverse strategies. Dur-
ing each session, participants verbally instructed an experi-
menter, who operated the computer on their behalf, to com-
plete the tasks. We captured screen recordings and used
a high-quality USB microphone to record speech as raw
data. The user study was approved by an institutional review
board.

User Tasks. To increase the instruction diversity and re-
alism, participants received general web-based tasks requir-
ing active information seeking, sub-goal planning, and com-
parison among various options. We generated the task list
by few-shot prompting GPT-4o with open-ended tasks, fol-
lowed by manual filtering and editing to ensure task quality
and feasibility. These tasks provide only general guidance,
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ensuring flexibility for personal decision-making. Example
tasks include “Purchase an outfit for a formal event” and
“Plan a 5-day trip to Japan, booking both flights and hotels”.
Each user finishes about 10 tasks.

Emergent User Behavior. In our realistic, open-ended
settings, users exhibit rich behaviors that are not present
in previous benchmarks. These include, but are not limited
to, information seeking, researching and comparing differ-
ent options, change of mind, and trial-and-error.

Annotations. We manually labeled RealWebAssist data
to ensure high-quality annotations. We first segmented the
full recording into individual clips corresponding to each
user’s instructions. In our benchmark, we disregard user
speech unrelated to explicit instructions for the assistant,
such as filler words or verbalized thought processes. For
each instruction, we provide raw speech, speech transcript,
webpage, and the correct regions to click (in the form of one
or more bounding boxes). When there were multiple correct
answers for the instructions (for instance, “can you close all
the current tabs”), we annotated all correct regions with mul-
tiple bounding boxes. When the experimenter made a mis-
take during the data collection sessions, we annotated the
correct action intended by the user. If an instruction required
multiple steps to complete, we set the instruction at each
step as the same instruction. To generate the text instruc-
tions, we used an off-the-shelf recognition model, Whisper
Large-V3 (Radford et al. 2023), to transcribe users’ speech
and then manually fixed transcription errors. For all the in-
structions, we have three annotators verifying all of them,
ensuring 100% agreement.

Dataset Statistics. RealWebAssist contains 1,885 user in-
structions across 107 tasks, 66 websites, and 2,524 screen-
shots. In addition to the benchmark, we also plan to release
the raw data, consisting of over 6 hours of video & audio.

Key Challenges
RealWebAssist features multiple challenges as illustrated in
Figure 4, including spatial and temporal reasoning needed to
understand ambiguous and context-dependent user instruc-
tions, planning for multiple steps of actions to reach the goal
communicated by an instruction, and learning about user-
specific routines. These key challenges provide a more re-
alistic and holistic evaluation of a web agent’s reasoning,
planning, and learning abilities to assist real-world users on
long-horizon tasks. It is worth noting that many of these
challenges, in particular, spatial reasoning, temporal reason-
ing, and routine understanding, are not present in existing
web agent benchmarks. Unlike RealWebAssist, prior bench-
marks, such as ScreenSpot (Cheng et al. 2024), WebArena
(Zhou et al. 2023), and Mind2Web (Deng et al. 2024), only
include clear, unambiguous, and non-sequential instructions.

Spatial Reasoning. When referring to one of the elements
on a webpage, real-world users tend to use a concise in-
struction that can be understood conditioned on spatial con-
text instead of an overly elaborated instruction. For instance,
when instructing an assistant to buy a product, users may
give short instructions such as “select the cheapest one,” in-
stead of describing the desired product in detail. Figure 4A
depicts different types of spatial reasoning that rely on di-

verse spatial contexts, including ranking, spatial relations,
and overall website functionalities. It is worth noting that
these instructions may sometimes reveal users’ preferences
(e.g., preferred seating), providing additional information
for the web agent to provide potentially more customized
assistance in the future.

Temporal Reasoning. In our sequential instruction fol-
lowing tasks, users may instruct an assistant with the his-
tory as an assumed temporal context. For example, to un-
derstand the intended meaning of “click the last item,” the
assistant must memorize the items the user has viewed in
the past. Figure 4B shows temporal reasoning based on dif-
ferent kinds of temporal context, ranging from short con-
text between two consecutive webpages to long context with
the same website to long context across websites. From the
temporal context, the assistant needs to memorize crucial el-
ements in the previous webpages, infer and track a user’s
mind (e.g., change of mind about what to buy) based on the
past instructions and webpages, and identify the earlier web-
page the user refers to. Such temporal reasoning has not been
evaluated in prior web agent benchmarks. However, it is very
common in our benchmark due to the nature of human web
browsing behavior as well as human instructions guided by
pragmatics (Goodman and Frank 2016).

Multi-step Planning. Many instructions require multiple
steps to complete. In these cases, the assistant needs to inter-
pret the goal implied by the instruction and plan a sequence
of actions to achieve that goal. This goes beyond ground-
ing the instruction to a single action on the current webpage.
Figure 4C shows an example where the agent was asked to
repeat the same order on another food delivery website to
check if the price would be different. A successful execution
of this instruction would require the agent to first understand
what the order is to ground the goal on the current website
and generate a successful multi-step plan.

Routine. Since our benchmark allows a user to engage in
repeated interactions with an assistant over multiple tasks,
we observe that users may define routines understood by
the assistant after repeated interactions. As shown in Fig-
ure 4D, the user initially gave detailed step-by-step instruc-
tions when selecting arrival and departure dates for a flight.
In a subsequent task, however, the user simplified them into
a single instruction when selecting dates for a hotel room.
Such shorter instructions become possible after establishing
a routine in the earlier task. Cognitive studies found that pro-
cedural abstraction, like these routines, naturally emerges in
human cooperative communication through repeated inter-
actions, allowing more efficient communication with part-
ners (McCarthy et al. 2021). The emergence of such rou-
tines in our benchmark poses a novel challenge for web
agents—learning user-specific procedural abstraction via re-
peated interactions to achieve human-like adaptive assis-
tance. We hypothesize that this ability could enhance users’
perception of the AI assistant, as it understands human co-
operative communication.
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Figure 4: Key challenges introduced by RealWebAssist: (A) spatial reasoning, (B) temporal reasoning, (C) multi-step planning,
and (D) learning user-specific routines.

Experiments
Baselines
We evaluated several types of models for web agents com-
monly evaluated in existing web agent benchmarks that have
real-world websites (i.e., offline evaluation). For all the ex-
periments, we use the ground-truth captions for instructions.

GUI Grounding Models. GUI grounding models directly
translate an instruction to an action on a webpage. There are

two general types of grounding models. First, Set-of-Mark
(SoM) (Yang et al. 2023) segments salient elements on a
webpage using an off-the-shelf segmentation model (e.g.,
SAM (Kirillov et al. 2023) and Semantic-SAM (Li et al.
2023)) and prompts a VLM to select a segment mask to
identify the clicking area corresponding to the given instruc-
tion. Second, VLMs finetuned on datasets with paired in-
structions and annotated clicking coordinates or bounding
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boxes. We evaluated UGround-V1 (Gou et al. 2024), OS-
Atlas (Wu et al. 2024b), Aria-UI (Yang et al. 2024), GTA-1
(Yang et al. 2025), GUI-Actor (Wu et al. 2024a), and UI-
TARS (Qin et al. 2025).

VLM/LRM + Grounding. Grounding models are de-
signed or trained to ground a simple instruction to a webpage
and thus tend to lack reasoning or planning capabilities. To
address this, we leveraged VLMs and LRMs to first trans-
late real user instructions to more understandable ones for
grounding models. In particular, a VLM or an LRM needs
to reason about the true user intent implied by the instruc-
tion and the spatial & temporal context. For instructions that
require multiple actions, it needs to generate a plan to com-
plete the instructions. Finally, it needs to generate a straight-
forward, clear instruction for the grounding model to pro-
duce the final action at each step. We evaluated state-of-the-
art VLMs (OpenAI 2023; Team 2025; Qwen et al. 2025),
as well as state-of-the-art LRMs (Jaech et al. 2024; Team
2025; Anthropic 2025). In the main results, we paired each
VLM and LRM with the grounding model that achieved the
highest step accuracy (GTA-1). For all VLMs and LRMs,
we provide the past 10 steps for context, which we found
to be a reasonable fixed context length in our preliminary
study, balancing cost and informativeness. We also found
that prompting models with screenshots of past webpages
could incur a high cost. Therefore, we only prompt the mod-
els with the screenshot of the current webpage. For the his-
tory, we prompted GPT-4o to generate text-based action his-
tory based on consecutive screenshots and the instructions
at each step. We then used this text-based history descrip-
tion for the evaluated VLMs and LRMs.

Finetuning. To evaluate whether models can learn to
better follow real-world user instructions with additional
training, we finetuned the best-performing grounding model
(GTA-1) following the model’s original group relative policy
optimization (GRPO) training procedure (Yang et al. 2025)
on 9 participants’ data and tested it on the held-out partic-
ipants’ instructions. Specifically, we trained the grounding
model to produce an action based on the past 10 steps of
actions (in text), the current webpage screenshot, and the
instruction. We enumerated different train/test splits and re-
ported the averaged performance, either using the finetuned
model alone or pairing it with the best VLM or LRM.

Results
Main results are summarized in Table 2. All models fell
short in following real user instructions. The highest task
success rate was only 14.0%, and the highest average
progress was only 28.7%, a large gap compared to humans
(93.4% task success rate). This difference has a 95% confi-
dence interval of [71.3, 87.5], and is highly significant with
p-value < 0.0001. Grounding methods by themselves failed
to finish most tasks. However, when paired with the best-
performing grounding model (GTA-1), instructions gener-
ated by VLMs & LRMs significantly improved the per-
formance. LRMs performed marginally better than most
VLMs. Across all three metrics, Gemini 2.5 Flash, Gemini
2.5 Pro, and o3 showed the strongest performance. Finetun-
ing GTA-1 on real user data marginally improved its perfor-

mance, but finetuning offered no benefit when GTA-1 was
paired with VLMs and LRMs, since the finetuned model is
trained to adapt to real users’ instructions instead of instruc-
tions generated by VLM or LRM.

Discussion
Can grounding models understand real-world user in-
structions? There remains a significant gap in the per-
formance of current direct grounding methods. The best
grounding model, GUI-Actor, has a task success rate of
only 5.7%. Figure 5 illustrates various failure cases encoun-
tered when directly using GTA-1. Unsurprisingly, ground-
ing models fail to interpret instructions requiring reasoning
due to their limited reasoning capabilities. However, even
for context-free instructions involving straightforward spa-
tial reasoning—tasks where grounding methods should ex-
cel—they frequently misinterpret spatial layouts or rank-
ings. For instance, they often incorrectly select elements for
instructions such as “click the first one.”

How can VLMs & LRMs help? VLMs or LRMs can
convert the original user instructions into more direct and
explicit descriptions that a grounding model can more eas-
ily understand. This is made possible by their reasoning ca-
pacities. For instance, in Figure 5A, the grounding model
(GTA-1) on its own fails to select the first tab: it selects the
first element instead of the first tab. However, it succeeds af-
ter o3 rewrites the instruction to refer to the title. As shown
in Figure 5B, grounding models may sometimes still fail
due to inherent limitations even when VLMs/LRMs gener-
ate clearer instructions. Nonetheless, incorporating VLMs or
LRMs significantly improves overall performance.

What are the limitations of VLMs & LRMs? While
VLMs and LRMs help, the highest task success rate is still
only 14.0%. Beyond errors from grounding models (e.g.,
Figure 5B), they continue to struggle with complex temporal
reasoning. In Figure 5C, the user previously asked to open
the first two search results in new tabs. When later instructed
to “look at the first one we just opened,” o3 failed to iden-
tify which element “the first one” referred to—instead of the
first newly opened tab, it pointed to the first search result. We
further analyze the error distribution between reasoning er-
rors (the VLM/LRM mistranslates the instruction and refers
to the wrong element) and grounding errors (the rewritten
instruction is correct, but the grounding model still fails to
click the right element). For the best model (o3 + GTA-1),
43.3% of errors are grounding errors and 56.7% are reason-
ing errors. This suggests that current VLMs and LRMs still
lack the reasoning and planning abilities needed to robustly
perform sequential instruction-following tasks.

Does learning from real-world user data help? Fine-
tuning GTA-1 marginally improved average progress and
step accuracy but yielded no additional benefit when paired
with VLMs and LRMs. These results show that the fine-
tuned model better understands real user instructions, yet it
still fails to generalize to instructions generated by VLMs
and LRMs. The experiments suggest that finetuning ground-
ing models on a small set of real user instructions provides
minimal benefit, and collecting large-scale real user instruc-
tions remains a significant challenge.
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Category Model Task
Success Progress Step

Accuracy
Human Human Operator 93.4 96.4 99.2

Grounding

Set-of-Mark 0.0 2.7 29.8
OS-Atlas 0.0 3.8 26.6
Aria-UI 0.0 2.4 32.8
UGround-V1 0.0 6.2 47.7
UI-TARS 2.8 13.1 53.8
GTA-1 3.7 17.7 61.5
GUI-Actor 5.7 14.7 61.4

VLM +
Grounding

GPT-4o + GTA-1 8.4 23.5 72.7
Qwen 2.5 72B + GTA-1 9.3 24.3 69.0
Gemini 2.5 Flash + GTA-1 11.2 26.9 75.4

LRM +
Grounding

o1 + GTA-1 7.5 17.7 68.2
Gemini 2.5 Pro + GTA-1 8.4 23.5 74.5
o4-mini + GTA-1 10.3 21.7 67.1
Claude 3.7 Sonnet + GTA-1 12.1 26.7 68.8
o3 + GTA-1 14.0 28.7 76.7

Finetuned
GTA-1-F 3.7 (+0.0) 19.7 (+2.0) 64.3 (+2.8)
Gemini 2.5 Flash + GTA-1-F 11.2 (+0.0) 26.9 (+0.0) 75.4 (+0.0)
o3 + GTA-1-F 14.0 (+0.0) 28.7 (+0.0) 76.7 (+0.0)

Table 2: Model Performance including task success rate, average progress, and step accuracy. All results are in %. The best
performance of pretrained models and finetuned models is highlighted in bold. GTA-1-F indicates the finetuned GTA-1. Plus
sign indicates the improvement compared to using the raw model for the same set of instructions.

Figure 5: Qualitative results. The captions show instructions generated by o3 (the best LRM). (A) Error corrected by using o3
to convert instructions. (B) Failure caused by GTA-1 when o3 reasons correctly. (C) Reasoning failure caused by o3.

Limitations. RealWebAssist represents an important first
step towards evaluating web agents on long-horizon, real-
user tasks. However, it has several limitations. The first is
participant scale and diversity. Collecting real-user data is
expensive and time-consuming. The number of participants
is comparable to prior works that use expert annotators (Lù,
Kasner, and Reddy 2024). However, we intend to increase
user diversity in future versions of the benchmark. We will
also open-source our data collection tools for community
expansion of the dataset. Second, like prior benchmarks on

real-world websites (Deng et al. 2024; Cheng et al. 2024),
we constrain our evaluation to an offline setting to ensure
reproducibility and safety. This is complementary to bench-
marks that focus on interactive evaluation in sandbox en-
vironments (e.g., WebArena). We believe that web agents
should be evaluated on both types of benchmarks to fully
assess their capabilities. Lastly, the current setting does not
allow dialogue between a user and the AI assistant, which
we will explore in future work.
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Conclusion
In this paper, we present RealWebAssist, the first bench-
mark for evaluating web agents’ ability to provide long-
horizon web assistance with real-world users via sequen-
tial instruction-following. Our benchmark poses novel chal-
lenges, including spatial and temporal reasoning, planning,
and adapting to user-specific routines. We conducted a com-
prehensive evaluation and analysis on multiple state-of-the-
art GUI grounding models, VLMs, and LRMs, revealing
critical limitations of them. We have also shown the limited
benefit of finetuning models on real user data. Our bench-
mark, along with the well-annotated user instruction dataset,
provides resources and diagnostic tools for further research
on real-world web assistance. In future work, we plan to ex-
pand our human study to include more participants from var-
ious backgrounds, examine web assistance in interactive set-
tings, and incorporate chat between users and web agents.
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