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Abstract

Can advanced multi-modal models effectively
tackle complex web-based tasks? Such tasks
are often found on crowdsourcing platforms,
where crowdworkers engage in challenging
micro-tasks within web-based environments.

Building on this idea, we present TURKING-
BENCH, a benchmark consisting of tasks pre-
sented as web pages with textual instructions
and multi-modal contexts. Unlike previous ap-
proaches that rely on artificially synthesized
web pages, our benchmark uses natural HTML
pages originally designed for crowdsourcing
workers to perform various annotation tasks.
Each task’s HTML instructions are instanti-
ated with different values derived from crowd-
sourcing tasks, creating diverse instances. This
benchmark includes 32.2K instances spread
across 158 tasks. To support the evaluation of
TURKINGBENCH, we have developed a frame-
work that links chatbot responses to actions
on web pages (e.g., modifying a text box, or
selecting a radio button). We assess the perfor-
mance of cutting-edge private and open-source
models, including language-only and vision-
language models (such as GPT4 and InternVL),
on this benchmark. Our results show that while
these models outperform random chance, there
is still significant room for improvement. We
hope that this benchmark will drive progress in
the evaluation and development of web agents.1

1 Introduction

Significant progress in AI model development has
been fueled by large pre-trained language mod-
els (LLMs) (Radford et al., 2019; Dubey et al.,
2024). However, humans usually engage with vi-
sually rich environments, like web-based applica-
tions that combine language with visual elements
such as images and tables. Notably, many people

* Correspondence to: {kxu39,danielk}@jhu.edu
1Data and code: https://turkingbench.github.io/

now spend more time online than in the physical
world (Perrin and Kumar, 2019).

Crowdsourcing platforms are a key domain
where human workers complete micro-tasks in ex-
change for rewards. Each day, hundreds of re-
questers publish tasks that need annotation by work-
ers. These tasks are typically presented as web
pages, incorporating stylistic features and struc-
tured information (e.g., tables, colors, font sizes) to
communicate the tasks effectively. Inspired by hu-
mans’ ability to solve various tasks through web in-
terfaces (Efrat and Levy, 2020), and with the grow-
ing capabilities of multi-modal chatbots (OpenAI,
2023; Anil et al., 2023) that can generate and inter-
act with external tools (Chen et al., 2021; Dubey
et al., 2024; Schick et al., 2023), we are motivated
to assess their performance on the same web-based
crowdsourcing tasks that humans handle daily.

We present TURKINGBENCH, a benchmark for
web-grounded tasks. An example task can be seen
in Figure 1. The information in these tasks is con-
veyed through a mix of stylistic elements (such as
colors, font sizes, and shapes), structural features
(like tables and paragraph headings), and multi-
ple modalities (including text, images, and videos).
Effectively interpreting these multi-modal signals
is a complex challenge that demands a range of
skills, particularly the ability to understand lan-
guage within rich visual contexts.

The tasks in TURKINGBENCH are drawn from
those published on the Amazon Mechanical Turk
(AMT) platform, a well-known site where human
workers complete micro-tasks for rewards. The
benchmark comprises 158 web-grounded tasks
(web pages), each averaging 16.8K tokens and
containing 15.6 input fields that AI models must
label or fill in. Each task can be instantiated
with different input values (e.g., varying questions,
paragraphs, images). In total, our benchmark in-
cludes 36.2K input fields. There are several chal-
lenges in solving our proposed task: (i) Multi-
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// scroll down to the element
actions.scroll()

// check “mp1radio” as “y”
actions.check(
name=“mp1radio”, value=“y”

)

// modify text box responses 
actions.modify_text(
name=“implications_0”, value=“create a mockery 
of Trump’s fake tan revealed by strong wind.”

)
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Figure 1: An example of a web page (task) from TURKINGBENCH. Each page typically start with a few paragraphs
of instructions and examples. Each task features a web page rich in diverse elements: tabular content organization,
examples and target instances, color-coding for emphasis, bounding boxes around key instructions, multiple text
boxes, images of people, and more. Naturally sourced from the wild for human users, these tasks encompass
complex, interactive, and multi-modal reasoning for various web-based activities. Our benchmark motivates the
development of web-based agents capable of processing such tasks and interactively filling in elements like radio
buttons, check marks, and text boxes. Bottom row (in pink) shows the expected sequence of actions be executed
required to to solve the task (detailed in §3.3.1). More examples in Fig.7.

modality—tasks require models to “see” or “read”.
(ii) Interaction—agents’ actions must consider the
context of previous decisions on the web pages. (iii)
Long context—web pages (HTML, screenshots,
etc.) often are quite long.

To facilitate interaction and evaluation of AI sys-
tems on these web-based tasks, we developed a
Python-based middleware that connects AI models
with web pages and also serves as the evaluation
framework. This development, led by several stu-
dents, has taken over a year of dedicated effort to
ensure smooth functionality.

We use TURKINGBENCH to benchmark several
notable unimodal and multi-modal models for in-
teractive reasoning on web pages (§4.1). Among
our evaluated models, GPT4 performs significantly
better than random chance, either through visual
actions (click and type) or textual commands that
modify the HTML code of each page. Among the
open-source models, Qwen2 achieves the highest
performance. In both settings, the top-performing
models leverage the combination of text and visual
modalities, highlighting the advantages of multi-
modal approaches. Despite these positive gains,
GPT4’s performs well below the estimated upper
bound of the dataset. We analyze model perfor-
mance based on field type and task length, identi-
fying challenges for future progress.

We chose crowdsourcing tasks for their diverse
web interactions, including multimodal reasoning,
complex form filling, and sequential dependen-
cies—common in e-commerce, education, and ad-
ministration. While rooted in this domain, our

benchmark’s challenges (e.g., diverse inputs, long-
context reasoning, and multimodal interactions) ap-
ply broadly. Effective page understanding and ma-
nipulation remain key challenges for web agents.

Compared to existing web-based benchmarks,
TURKINGBENCH fills a critical gap. A key fea-
ture of our benchmark is that both the web pages
and instructions are naturally sourced from the
wild, rather than being artificially constructed. The
web pages in TURKINGBENCH were originally de-
signed for human crowd workers, making them
more authentic than recent benchmarks that use
simplified, engineered web pages (Liu et al., 2018;
Furuta et al., 2023). Additionally, task instructions
in TURKINGBENCH are embedded within the web
pages, requiring a deep understanding of the con-
tent to solve them. This contrasts with most related
benchmarks (Deng et al., 2024; Zhou et al., 2023),
where instructions are provided as standalone sen-
tences. Finally, because the tasks were initially
created for complex annotation on crowdsourcing
platforms (e.g., building NLP benchmarks), they
inherently carry a high level of complexity. We
believe this makes TURKINGBENCH a distinctive
platform for evaluating both the comprehension
and interaction capabilities of LLMs.

In summary, we introduce TURKINGBENCH, a
benchmark for multimodal, interactive web-based
tasks, along with an evaluation framework for web
interaction. Our analysis of leading models high-
lights significant gaps, aiming to drive progress in
assistive web agents.
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MiniWoB++ (Liu
et al., 2018)

CompWoB (Furuta
et al., 2023)

RUSS (Xu et al.,
2021)

WebShop (Yao
et al., 2022)

Mind2Web (Deng
et al., 2024)

WebArena (Zhou
et al., 2023)

TURKINGBENCH
(this work)

Inputs language
commands

language commands customer service
queries

shopping queries language commandsEnglish commands instructions embedded in
web pages

The input
construction crowdsourced manual mined online crowdsourced crowdsourced author-written collected

from MTurk

Environments/domain simplified
web page

simplified but
compositional

real-world
websites

shopping
web pages

real-world
websites

variety of
web pages

crowdsourcing
websites

Natural inputs? ✗ ✗ ✗ ✗ ✗ ✗ ✓
Realistic interface? ✗ ✗ ✓ ✗ ✓ ✓ ✓
Interaction w/ pages? ✓ ✓ ✗ ✓ ✗ ✓ ✓
Functional correctness? ✓ ✓ ✗ ✓ ✗ ✓ ✓
Inter-page navigation? ✗ ✓ ✓ ✓ ✓ ✓ ✗

Table 1: Notable existing benchmarks for developing and evaluating web-based agents (§2). Existing benchmarks
prioritize navigation between web pages but often use simplified or synthetic pages. Our work complements this by
focusing on manipulating complex, naturally curated web pages, while excluding inter-page navigation.

2 Related Work

Several benchmarks exist for evaluating web-
navigation agents (Lù et al., 2024; Koh et al., 2024;
He et al., 2024; Liu et al., 2024; Pan et al., 2024;
Cheng et al., 2023; Zheng et al., 2024b) (see Ta-
ble 1). These benchmarks offer reproducible model
assessments but vary in their construction and cov-
erage of real-world web navigation. Most focus
on websites with limited complexity, such as pre-
specified, synthesized, or simplified web pages (Liu
et al., 2018; Li et al., 2020; Yao et al., 2022; Furuta
et al., 2023). In nearly all existing benchmarks, task
definitions are created after collecting the websites,
typically through manual crowdsourcing. In con-
trast, TURKINGBENCH features more natural task
instructions, originally intended for human users
on crowdsourcing web pages. While this provides
more natural task definitions, TURKINGBENCH is
limited to tasks involving data annotation that re-
quire effective manipulation of complex web pages.
Given the complementarity of these benchmarks,
the research field is likely to benefit from all.

Unlike our focus on web pages, it is worth noting
the benchmarks that utilize other environments for
interactive problem solving. For instance, bench-
marks that concentrate on mobile operating sys-
tems such as Android (Li et al., 2020; Toyama
et al., 2021; Sun et al., 2022; Burns et al., 2022) or
computer applications in operating system environ-
ments (Trivedi et al., 2024; Xie et al., 2024).

3 TURKINGBENCH: Benchmarking Web
Agents via Multi-Modal Turking Tasks

We discuss the development of TURKINGBENCH.
The primary purpose of this benchmark is to
provide a standardized evaluation for web-based
agents. Additionally, a subset of this data can facil-
itate model design and development.

The overall development has undergone several
rounds of meticulous engineering, led by multiple
students, and has taken over a year of dedicated
effort to ensure smooth functionality.

3.1 Benchmark Schema

TURKINGBENCH consists of a collection of tasks
where each task is a bundle of the following compo-
nents: (A) A web template containing instructions
for the task, input variables, and input fields for
the outputs. (B) Input values to be instantiated for
the input variables. (C) Annotated output labels
provided by crowd workers.

An example is shown in Figure 2. As the exam-
ple shows, the HTML template contains variables
(e.g., ${sys10}) that are instantiated with input
values. Furthermore, the HTML template contains
input fields for receiving input values from the web
page users. For each field, we have values previ-
ously collected from crowd workers that we will
use for evaluation.

Instance
#  sys10 sys11

Gram
matica

lity

Mea
ning

Simp
licity

…

1
Back in the fall, 44  
fourth-graders tried 
out and 15 were cut.

Back in the fall, 44 
fourth-graders tried 
out and 15 was cut.

3 4 4 …

2
Back in the fall, 44 
fourth-graders tried 
out and 15 were cut.

 44 fourth-graders 
tried out 15 were 
cut.

5 5 3  …

⋮ ⋮  ⋮ ⋮ ⋮ ⋮ ⋱

② Input values

① HTML template (cropped)

③ Output labels

Figure 2: An example showing the elements of our data:
1⃝ an HTML template with variables, 2⃝ input values

from a CSV file populating the variables, and 3⃝ output
labels used for evaluation obtained from crowdworkers.
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3.2 Collecting the web-based tasks

For a benchmark of tasks grounded in web pages to
effectively measure progress and generalizability,
it needs to be diverse and broadly covered. The ma-
jority of the tasks in TURKINGBENCH are sourced
from prior crowdsourcing tasks conducted by the
authors and their collaborators over the years. We
also considered using tasks from the AMT sand-
box,2 a testing environment for requesters to pro-
totype their crowdsourcing templates. While this
subset could have added more diversity to our data,
it would have required additional annotation and
cleanup, which we did not pursue. During the se-
lection process, we did not restrict ourselves to
any specific task type. Our collected web pages
encompass a variety of tasks, and this diversity is
a strength. The wide range of tasks captures an
array of problems that a generalist agent would en-
counter, mirroring real-world usability where tasks
vary greatly.

We conducted light quality control to ensure the
validity of the instructions and their annotations.
Here are the steps we took: (1) Several task instruc-
tions appeared underdefined (pilot experiments for
crowdsourcing tasks), so we eliminated them. (2)
Certain tasks were missing data artifacts, such as
images or videos. We eliminated these tasks if
the missing media file was critical for solving the
task. (3) Some tasks did not render properly. A
subset used older MTurk design conventions that
are no longer supported. We manually revised or
eliminated these tasks. (4) Finally, we manually
spot-checked the task annotations to ensure the
quality was not noisy.

Ultimately, we put together a collection of 158
crowdsourcing tasks (examples in Figure 7). These
include but are not limited to language process-
ing tasks (such as paraphrasing, validating factual-
ity, entailment, sentiments, classification, dialogue
quality, and rationale generation) and tasks that
involve processing images or videos.

Statistics. The dataset contain a large sum of
input-output instances (36.2K) across 158 tasks.
Table 2 shows the overall statistics of TURKING-
BENCH. Furthermore, Figure 3 shows the distri-
bution of the input fields represented in our bench-
mark. The most common field is “checkbox,”
which is expected as it is commonly used when
multiple options could be true. Here, we also dis-

2https://requestersandbox.mturk.com

tinguish between “text” input (a small, single-line
box) and “textarea” input (a larger, multi-line box
for descriptions and paragraphs) fields.

Measure Value

# of tasks 158
# of instances 36.2K
avg. # of fields per task 15.6
avg. length (subwords) of the tasks 16.8K

Table 2: Summary of dataset statistics.

1000

5000

50000

checkbox radio textarea text select range

Figure 3: Distribution of input fields.

3.3 Programmatic Interaction with Web
We developed a Python library to streamline the in-
teraction of self-supervised models with our tasks
and their evaluations (Figure 4). Our library con-
tains various components. To serve our tasks, we
use Turkle3 which is an open-source replication
of AMT. The content of these tasks are then ac-
cessed through the web-browsers that are loaded
by Selenium.4

Figure 4: The interface linking design segments: our
web app serves data, which models access programmat-
ically via our evaluation library.

Furthermore, we have developed a library of
actions for accessing the pages’ content and making
changes to them. This is discussed in §3.3.1. The
starting point of interaction is our evaluation script
that loops over the tasks and their instances. This
is fleshed out in §3.5

3https://github.com/hltcoe/turkle
4https://github.com/SeleniumHQ/selenium
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3.3.1 A Library of Web Actions

To support model design, we have developed a
library of “actions” that can execute various oper-
ations on a web page. Our set of actions wrap
around the API libraries provided by Selenium
(c.f. footnote 4) and PyAutoGUI5 these are so-
phisticated libraries for web manipulation and the
amount of sophistication these libraries provide is
significantly more than what is here. Therefore, we
build our wrappers around these actions to build an
action library with enough complexity to cover the
dominant majority of tasks in our benchmark.

Actions (Modality) Description

modify_text ( T ) modifies the text of input box
modify_checkbox ( T ) modifies the selection of checkbox
modify_radio ( T ) modifies a radio button
modify_select ( T ) selects an item in a drop-down menu
modify_range ( T ) modifies a range input
get_html ( T ) fetches the HTML content of a page
capture_screen ( V ) fetches the screenshot of a page
click ( V ) clicks on a given coordinate
type ( V ) keyboard type at the selected
scroll (N/A) scrolls up or down
maximize (N/A) maximizes the web page

Table 3: The supported actions in our library.

The list of the actions included in our library is
shown in Table 3. In terms of the modalities of
information, a subset of these actions are either
concerned with executing tasks in text (HTML)
modality or visual modality. There are fewer ac-
tions in the visual modality since visually many
actions are combinations of clicking and typing.
This is unlike the text modality where various ele-
ment types require slightly different treatment.

In terms the nature of their roles, one can split
these actions into three groups: (i) Modification ac-
tions allow the models to modify each page’s input
elements. (ii) Navigation actions allow the models
to explore the page, for example, by scrolling up/-
down or waiting for all elements to be loaded. (iii)
Sensing actions allow models to retrieve the latest
information about the web page, for example, by
fetching its HTML code, taking screenshots of the
active page, or around a given element.

While our actions are designed to cover a broad
set of web-based interactions, we acknowledge
these are only a subset of what is needed for
general-purpose navigation. Actions such as “drag-
and-drop” are not included here since we did not
have any tasks necessitating such actions.

5https://github.com/asweigart/pyautogui

Web interaction as “tool” resolution. The task
here can be framed as iterative tool resolution based
on task context. A web agent must execute a
sequence of executable actions from our library,
guided by task instructions (see Figure 1). This
aligns with tool-augmented LMs (Schick et al.,
2023; Lu et al., 2024; Mialon et al., 2023; Qin
et al., 2023; Gong et al., 2023; Lu et al., 2024),
where tools ground LM generations in an environ-
ment. Here, our library’s actions function as “tools”
for achieving specific outcomes, with an LM aware
of the tools, task context, and final goal.

3.4 Evaluation Metrics
We devise an evaluation metric that is sensitive to
the output type: (i) Text fields: For a given text
response, we compute ROUGE metric (Lin, 2004)
against each label and compute their maximum
value. (ii) Radio/select fields: We compute an ex-
act match of the predicted label against the majority
vote of gold labels. (iii) Checkbox fields: The re-
sults of the checkbox selection is a set. Therefore,
we quantify this as intersection over union metric
between the two sets (set of predicted labels and
the gold labels). (iv) Range fields: The range pre-
dictions provide real or integer values. We compute
absolute (ℓ1) distance between the prediction and
the labels, averaged across the labels. This is nor-
malized by the largest value among the gold labels
to normalize it to [0, 1] range.

The overall score is an average of all the above
responses. Given that the field distribution of each
type does not vary from one model to another, aver-
aging these different measures of quality is accept-
able when comparing different models.

3.5 Evaluation Protocol
Our evaluation iterates through different choices
of evaluation tasks (Pseudocode 1). Specifically,
the evaluation script supplies the model with the
URL where the task is accessible. Additionally,
the model has access to our action library, enabling
executable actions.

Pseudocode 1 The evaluation protocol
Require: Action library: act
Require: The evaluation tasks: tasks

function EVALUATE(tasks, act),
for t← tasks do

# Solver receives each task, including its URL (t.URL)
# and input fields (t.fields). It then executes actions
# through the actions in act (Table 3).
GENERICSOLVER(t, act)
# Extract the new values of each field in t.fields
# Evaluate the predicted labels vs. gold labels (§3.4).
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Based on this evaluation protocol, it should be
evident that our benchmark does not require naviga-
tion between web pages, as noted in the limitations
section. However, our benchmark does require
multiple rounds of interaction to solve a given task.
This is because nearly all of our tasks involve more
than one step (input field), each needing to be ad-
dressed in a different round of interaction.

To reduce the difficulty of the task for our mod-
els, we provide the list of field names on which
we will evaluate model responses. While this ar-
guably simplifies the task, our benchmark remains
open for future analysis with open-ended interac-
tion, without any additional guidance on the names
of the target fields.

Task splits for measuring generalization to un-
seen instructions. To accommodate for scenar-
ios that may involve fine-tuning on supervised data,
we create different task splits: (i) Train: a set of
125 tasks that can be used for supervised model
development. (ii) Test: a set of 16 tasks that be
used for evaluating model quality (names shown
in the caption of Fig. 5). (iii) Testchallenge: a set of
17 tasks that are strictly more difficult than the rest
of the tasks, because they require more complex
combination of actions or other tasks not covered
in Table 3. In this version of the work, we do
not provide any experiments on Testchallenge since
they require more sophisticated engineering that
is beyond the scope of this work and should be
addressed in future work.

Screen Size Considerations. When benchmark-
ing multimodal models, the capture_screen ac-
tion retrieves visual information from the screen.
A potential concern is the impact of screen size
on benchmarking consistency. To address this, all
evaluations using capture_screen run in headless
mode, where the browser operates without a mon-
itor and uses predefined, consistent virtual screen
dimensions. This eliminates hardware-specific in-
fluences, ensuring robust and reproducible results
unaffected by screen size variability.

4 Evaluating Models in Solving
Web-based Tasks in TURKINGBENCH

We benchmark various models with different archi-
tectures on TURKINGBENCH. Our goal is to pro-
vide reasonable baselines for our proposed bench-
mark, so we avoid specialized models that rely on
specific assumptions or supervision of our data.

Models. As discussed earlier, our models need
to consume information on a mix of information
modalities. A model can, therefore, consume the in-
structions as text, image, or a combination of both.
We experiment with state-of-the-art proprietary
models like GPT4 and Claude-2.1.6 For GPT4
models, we experiment with both the text mod-
els and the vision-language variant that is trained
in a joint of visio-textual information. We com-
pare the performance of these models with the
latest open-source vision language models like
LLaVA-1.6 (Liu et al., 2023a), InternVL2 (Chen
et al., 2024) and text-only models like Llama-3.1-
Instruct (Dubey et al., 2024) and Qwen2 (Yang
et al., 2024). Our evaluation focused on major
model families (GPT4, LLaVA1.6, etc.), as our
goal was setting baselines with widely-recognized
models.

We note that, besides these general-purpose mod-
els, there are more specialized text-based models
for web exploration, either through pre-training on
text data (Aghajanyan et al., 2021, 2022; Gur et al.,
2022), specialized models for analyzing web-based
components (Huang et al., 2022; Tao et al., 2022;
Ebrahimi et al., 2023; Chen et al., 2022), or visual
perception of the web (Dosovitskiy et al., 2021;
Rust et al., 2023; Lee et al., 2022; Kil et al., 2024).
We leave such explorations, which are likely to
yield better results, to future work.

Encoding the tasks for evaluation. When pro-
cessing the HTML content of the tasks, we consider
two variants: (1) “full” indicates all the HTML con-
tent of the entire page. (2) “relevant” indicates a
few neighboring lines of HTML adjacent to (above
and under) the input field the model is currently
solving (further details in §C.) To reduce the cost of
evaluation, we use 20 instances per each of the 20
evaluation tasks. This adds up to (20× 20 =)400
web pages evaluated with a total of roughly 6k
input fields evaluated.

An oracle for ceiling performance. We imple-
ment an oracle baseline that mimics the gold labels
for each input (see the logic in 2). 7 This oracle
agent ensures the functional correctness of our eval-
uation. Our end-to-end evaluation process (model
output → execution → lookup answers from web
pages → evaluation) is significantly more complex
than a typical NLP benchmark, and any of these

6GPT4/GPT4-V/Claude accessed via APIs in January
2024; GPT4o accessed in August 2024.

7See the a screencast of the oracle’s execution.

3699

https://youtu.be/eT2OhU_Nodg


Model # of Parameters
(model size) Modalities Text

encoding
# of

demos
Input len

(subwords)
Maximum Input
Sequence Length Score (%)

Do-nothing – – – – – – 7.8

op
en

-s
ou

rc
e

m
od

el
s

Llama3.1-Instruct 8B T relevant 3 1k 128k 23.2
8B T relevant 7 5k 128k 25.0

Llama3.2-Instruct 3B T relevant 3 1k 128k 20.8
3B T relevant 7 5k 128k 20.3

Llama3.2-Vision 11B T + V relevant 3 1.2k 128k 9.28
11B T + V relevant 7 6k 128k 17.8

LLaVA-VL-Vicuna 7B T + V relevant 3 1.6k 4096 22.7
13B T + V relevant 3 1.6k 4096 19.8

InternVL2 40B T + V relevant 3 1.6k 8192 31.0
40B T + V relevant 7 8k 8192 26.1

InternVL2 76B T + V relevant 3 1.6k 8192 30.4
76B T + V relevant 7 8k 8192 29.6

Qwen2 72B T + V relevant 7 6k 128k 34.1

cl
os

ed
-s

ou
rc

e
m

od
el

s

Claude2.1 Unknown T full 7 82k 200k 22.6

GPT4 Unknown
T relevant 1 1.2k 128k 19.2
T relevant 3 4k 128k 18.4
T relevant 7 5k 128k 21.3

GPT4 Unknown
T full 1 21k 128k 18.7
T full 3 28k 128k 35.7
T full 7 82k 128k 39.3

GPT4o Unknown
T + V relevant 0 900 128k 32.4
T + V relevant 3 1.6k 128k 30.3
T + V relevant 7 8k 128k 30.19

GPT4-V Unknown
T + V full 1 22k 128k 19.4
T + V full 3 30k 128k 41.1
T + V full 7 86k 128k 41.7

Oracle – – – – – – 100.0

Table 4: Comparison of language ( T ) and vision-language ( V ) model performance on TURKINGBENCH. We
evaluate two approaches to encoding HTML documents: "full" includes the entire HTML content, while "relevant"
includes only a few neighboring lines of HTML adjacent to the target input field. Due to context window limits,
most open-source models could not accommodate more than 3 demos, all using "relevant" text encoding. Among the
combinations explored, GPT4 outperforms most open-source models but remains far from our ceiling performance.

steps can fail. Achieving 100% accuracy with the
oracle (ensuring functional correctness) took the
lead student several months of effort. The oracle
baseline essentially replicates the action sequences
of crowdworkers for each HTML input element in
the task web pages, executing appropriate actions
similar to those shown in Figure 1.

We note that the oracle baseline is limited to
tasks that do not require complex annotations (such
as drag-and-drop) included in Testchallenge (dis-
cussed in our evaluation split §3.4). A future use
case of this oracle baseline can be to obtain granu-
lar action sequences for supervising models.

A “do-nothing” model as a lower-bound. We
evaluate a trivial baseline that performs no action
(no actions (hence, “do-nothing”). As we see in the
results, this baseline scores more than zero because
on some tasks doing nothing is the right action (e.g.,
making grammatical corrections to a given text that
happens to be grammatical).

4.1 Empirical Results

We present the results of evaluating our main mod-
els in Table 4. We experimented with models of
varying parameter sizes. For each row, we indi-
cate whether the model input contains text-only
( T ) or text-vision ( T + V ). Additionally, the ta-
ble shows the size of input prompts measured in
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Figure 5: Performance of GPT4 (7 demonstrations) with two different input modalities across different tasks.

GPT-2 subwords (Radford et al., 2019). Wherever
possible, we evaluate the models with 7 in-context
demonstrations of tasks and desired actions. The
open-source vision-language models ( T + V ) had
much shorter context windows, so we evaluated
them using the “relevant” portion of the HTML
code for the task or in-context demonstrations.

Despite the remarkable performance of gener-
alist models, they remain far from our ceiling
performance. The best performance 41.7% is
obtained by GPT4 vision-language model ( T + V )
with access to full text of each task. This is in-line
with other recent observations (Zheng et al., 2024a).
This configuration also happens to have a extremely
large prompt length (86k subwords) and it shows
the remarkable ability of this model to exploit long-
range dependencies. We note that the gains of the
vision model ( T + V ) over text-only model ( T )
is minimal (41.7 vs. 39.5).

Open-source models rivaling GPT4. Llama3.1-
Instruct (8B params) notably outperforms GPT4
(text-only), achieving a score of 25.0% compared
to GPT4’s 21.3% with 7 demonstrations when “rel-
evant” bits of the input HTML are supplied. This re-
sult is particularly impressive given that Llama3.1-
Instruct operates with significantly fewer parame-
ters (8B) than GPT4’s rumored size. The compar-
ison highlights Llama3.1-Instruct’s ability to effi-
ciently leverage the provided context, potentially
making it better suited for certain tasks despite its
smaller size. Additionally, Qwen2 (72B) demon-
strates strong performance, coming very close to
GPT4 when evaluated with the “relevant” HTML.
Qwen2’s score of 34.1% is not too far off from
GPT4-V’s 41.7%, which underscores the potential
and promise of open-source models over propri-
etary models.

4.2 Analysis: Test vs Vision Models
For one of our top configurations in Table 4 (GPT-4,
7 demonstrations with “full” HTML encoding), we
present a breakdown of model performance across
tasks in Figure 5. On 9 out of 16 evaluation tasks,
the two models exhibit notable performance dif-
ferences. While it’s intuitive to assume tasks with
richer interfaces benefit more from visual input,
empirical results do not clearly pinpoint which task
design aspects drive these differences. Overall, we
conclude that text-only and vision-language mod-
els have complementary capabilities.

4.3 Analysis: Effect of the Number of Demos
As mentioned earlier, we use few-shot prompting
of models in order to steer them their predictions.
Here we study the effect of the number of demon-
strations in model performance. As the results are
shown in Figure 6, the gains of in-context demon-
strations quickly plateaus when the number of
demonstrations just above 3 demonstrations.

Number of demonstrations

0%

10%

20%

30%

40%

50%

1 3 7

GPT4 (relevant) GPT4 (full)

GPT4-V (full)

Figure 6: Performance with varying number of demos.

4.4 Analysis: Performance Per Field Types
We provide extended details on performances per
input field type in Table 5. Note that we distin-
guish between "text" and "textarea" fields because
they are defined with different HTML tags (<input
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type="text"> vs. <textarea>). The former is
typically used for short inputs, while the latter is
for longer, multi-sentence outputs. There is no
consistent patter here. Most models tend to have
similar weaknesses and strengths, which is not sur-
prising as they’re generally trained on similar-ish
[pre-training] data. A notable finding was the sur-
prisingly lower performance of GPT4 compared to
other models on “text” input fields, which we could
not explain. However, since the data is skewed to-
ward checkboxes (Figure 3), GPT4 performs better
in the aggregate evaluations. This suggests the po-
tential for hybrid models by combining those that
excel at specific input field types.

Model # of
params

# of
demos

Modality all checkbox radio text textarea

Llama-3.2 3 B 3 T 20.8 58.7 25.8 19.1 0.3
Llama-3.2 3 B 7 T 20.3 56.8 22.9 22.0 2.9
Gemma-2 7 B 3 T 20.4 54.1 28.7 15.1 2.0
InternVL 40 B 3 T + V 30.7 59.0 85.0 46.0 12.0
InternVL 40 B 7 T + V 26.1 85.0 28.2 48.1 7.5
InternVL 76 B 3 T + V 30.4 63.7 29.7 48.4 17.1
InternVL 76 B 7 T + V 29.6 56.6 30.5 46.4 12.3
GPT4-VL - 3 T + V 30.3 73.3 34.2 16.4 15.5

Table 5: Performance comparison of models across
different modalities and input types.

4.5 Error Analysis

We conducted human annotations to better under-
stand the results in Table 4. This analysis uses
predictions from GPT4o (7 demos and “full” en-
coding) as it is one of the highest-performing mod-
els. One of the authors reviewed one instance from
each of the 16 tasks, totaling 144 responses to the
input fields.

Evaluating GPT4 responses. Our annotator di-
rectly evaluated 134 (out of 144) responses that
we successfully parsed by our evaluation metric
(i.e., no parsing error). The annotator agreed with
GPT4o’s responses in 60% (80 out of 134) of the
cases, reaffirming that our benchmark remains chal-
lenging for the models.

Our analysis revealed several recurring issues.
One common problem occurred in binary classifi-
cation tasks, such as determining whether a word
is an adjective with a similar meaning to a given
word. For example, GPT4o incorrectly classified
“discernible” as describing “modernity,” despite the
lack of synonymy.

Another significant discrepancy was observed
in tasks requiring GPT4o to generate both correct

and incorrect answers. Instead of providing ac-
tual incorrect answers, GPT4o sometimes returned
placeholders like //incorrect options//, fail-
ing to meet the task’s requirements. In some cases,
GPT4o also made syntax errors. However, the
evaluation focused on the content of the responses
rather than their syntactical correctness, so syntax
errors did not affect the assessment of answer ac-
curacy. In Table 6 we highlight examples of model
predictions for a given UI.

5 Conclusion and Future Work

We introduced TURKINGBENCH to facilitate re-
search on web-based agents. Our benchmark fo-
cuses on tasks defined within the context of web
pages, such as those commonly found on crowd-
sourcing platforms. It includes a comprehensive
Python-based framework that supports both evalua-
tion and model development. We hope this bench-
mark will drive further advancements in the devel-
opment of web-based assistant agents.

Future work should explore modeling improve-
ments for better web agents. For instance, a RAG-
style approach could semantically chunk web pages
into meaningful segments, a non-trivial task. An-
other avenue could involve using these agents as
CoPilots for human annotation on crowdsourcing
platforms, helping workers identify potential mis-
takes. We consider these extensions somewhat or-
thogonal to the primary focus of this work and hope
future research will address them.

Limitations

We discuss several limitations:

Intra page navigation. Our benchmark does not
require navigation between web pages. While inter-
page navigation is important, it is not the only chal-
lenge. Effective understanding and manipulation of
each page, which is our focus, remains a significant
challenge for web agents. Our benchmark still re-
quires navigation within each page. This is because
almost all of our tasks have more than one step (in-
put field), each needed to be solved in a different
round of interaction. As shown in our experiments,
the benchmark remains challenging for the mod-
els. We accept this trade-off to obtain more natural
tasks compared to most existing benchmarks.

Simplified evaluation. This is not an inherent
limitation of our benchmark but a simplifying as-
sumption in our evaluation. For simplicity, our

3702



evaluation setup provides some guidance by speci-
fying the names of the fields to be modified. Future
work should explore variants of our experiments
where such hints are not provided to the model.

Scope. Our benchmark’s distribution is biased to
crowd-sourcing tasks and hence it is not a holistic
measure of web-based agents. That being said, all
benchmarks carry their own biases. In the context
of web-based tasks, all the existing benchmarks
(WebShop, Mind2Web, WebArena, etc.) have their
own set of assumptions and restrictions about the
scope of web-based agents. We view all these
efforts to be complementary, each quantifying a
unique aspect of intelligent behavior on the web.

Ethical Considerations

We recognize concerns that this work could lead
to technologies replacing crowd workers, who are
vital to AI development. This concern is not unique
to our work extends to all AI. Our results show that
state-of-the-art models are still far from fully au-
tomating crowdsourcing tasks, even with simplified
evaluation. Therefore, we hope our work enables
benevolent use-cases of AI such as enhancing the
quality and productivity of crowd workers rather
than replacing them.
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Supplemental Material
A Additional Related Work

Here we discuss other related work that did not fit
in the main text.

Multi-modal reasoning tasks. TURKING-
BENCH is also related to efforts in multi-modal
interactive environments (Gur et al., 2018; Ku
et al., 2020; Li et al., 2020, 2022; Li and Li, 2022;
Sun et al., 2022; Li et al., 2021; Bai et al., 2021).
However, these often feature simple instructions
that are only a few sentences long, unlike our more
extensive instructions embedded within web pages.

Web-based agents. The concept of intelligent
automated assistant agents collaborating with hu-
mans to complete tasks has been around for some
time (Allen et al., 2007) and can be seen as an
extension of early work on semantic parsing (Das
et al., 2010; Clarke et al., 2010; Bordes et al., 2012;
Gur et al., 2022). Recent literature has explored
various forms of supervision, including behavior
cloning of actions (Gur et al., 2023), reinforcement
learning (Liu et al., 2018; Nakano et al., 2021;
Humphreys et al., 2022; Liu et al., 2023b), and
in-context learning (ICL) (Kim et al., 2023; Tao
et al., 2023; Sridhar et al., 2023). Our work fo-
cuses on introducing a new benchmark, providing
ICL baselines, and leaving the exploration of more
sophisticated models for future research.

B Pseudocode for the oracle baseline

Pseudocode 2 The oracle baseline
Require: Action library: act
Require: The target fields to be modified: fields
Require: The gold labels for each field: labels

function ORACLESOLVER(fields, labels)
for f ← fields do
act.wait_till_loaded(f)
act.scroll_to(f)
ℓ← labels(f)
switch f.type do

case text: Execute act.modify_text(f,ℓ)
case radio: Execute act.modify_radio(f,ℓ)
case select: Execute act.modify_select(f,ℓ)
case range: Execute act.modify_range(f,ℓ)

C Extracting the “relevant” HTML code
for each field

We detail the procedure for retrieving "relevant"
neighboring HTML, as discussed in §4 under
"Encoding the tasks for evaluation." The “rele-
vant” HTML encoding is implemented by extract-
ing and returning a subset of HTML adjacent to

(above and under) the specific input field on a web-
page.Specifically: (1) We retrieve the full HTML
content of the target elements’ grandparents ele-
ments. This potentially contains a lot of content.
(2.) We split this code into html elements (split
based on occurrence of ">") (3) We select 15 el-
ements before and 30 elements below the target
element. The original function is accessible in our
public code base.
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Task 1: Action Comprehensibility

Task 2: Dialogue Validation

Task 4: Visual Intent Recognition

Task3: Dialogue Generation
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Figure 7: Examples of the web pages for several tasks included in TURKINGBENCH are shown. These pages
typically start with a few paragraphs of instructions and examples. Each task features a web page rich in diverse
elements: tabular content organization, examples and target instances, color-coding for emphasis, bounding boxes
around key instructions, multiple text boxes, images of people, and more. Naturally sourced from the wild for human
users, these tasks encompass complex, interactive, and multi-modal reasoning for various web-based activities. Our
benchmark motivates the development of web-based agents capable of processing such tasks and interactively filling
in elements like radio buttons, check marks, and text boxes.

3708



Category: Both automatic and human evaluations classified the action as incorrect (true negative).

Explanation: It is perfectly legal to do carry your pet in public, even as a status symbol.

Category: Both automatic and human evaluations classified the action as incorrect (true negative).

Explanation: Our society does not "strongly pressure" people to carry pets in public.

Category: Automatic evaluation rated the action as incorrect but human evaluations rated it correct (false negative).

Explanation: The automatic evaluation has rated it incorrect since ‘previous’ was not found in the list of gold answers:
[’filled’, ’this’, ’last’].

Category: Automatic evaluation rated the action as incorrect but human evaluations rated it correct (false negative).

Explanation: The automatic evaluation has rated it incorrect since ‘great’ was not found in the list of gold answers: [’good’,
’guy’, ’girl’, ’Good’, ’big’].

Category: Automatic evaluation and human evaluation both rated the action as correct (true positive).

Explanation: –

Category: Automatic evaluation and human evaluation both rated the action as correct (true positive).

Explanation: –
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Category: Automatic evaluation rated the action as correct even though human evaluations rated it incorrect (false positive).

Explanation: The statement is true, but the highlighted region is irrelevant.

Category: The model response does not adhere to the expected syntax.

Explanation: The execution here failed since instead of selecting one of the radio values from -2 to 2, the model responded
with a blank string.

Table 6: Examples predictions of GPT4-v which is the best performing model in Table 4. For each example, we also
highlight the outcome of automatic vs human evaluation.
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