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WebUI
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steps.

Planning, spatial intelligence.
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Actions
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Figure 1. Overview of the MageBench. MageBench is a multi-modality reasoning benchmark built upon lightweight agent environments.

It currently contains three environments: WebUI, Sokoban, and Football. The results indicate that the existing models are still far from

reaching human-level performance on agentic reasoning tasks. Only a few models outperform the results of random actions, represented

by the black dashed line in the bar chart.

Abstract

Recent models like OpenAI’s O1 and DeepSeek’s R1, which
utilize test-time scaling techniques, have demonstrated re-
markable improvements in reasoning capabilities. We an-
ticipate that in the near future, multimodal models will also
experience significant breakthroughs in multimodal reason-
ing. This will require some highly challenging and special-
ized evaluations. As one of the most crucial real-world
applications of multimodal models, visual agents require
complex and comprehensive capabilities such as spatial
planning and vision-in-the-chain type reasoning. These

†The work is completed during internship at Microsoft Research Asia.
‡Corresponding authors.

capabilities are currently lacking in existing multimodal
benchmarks. In this paper, we introduce MageBench, a
Multimodal reasoning benchmark built upon light-weight
AGEnt environments that pose significant reasoning chal-
lenges and hold substantial practical value. The results
show that only a few product-level models are better than
random acting, and all of them are far inferior to human
level. We analyze and summarize their errors and capa-
bility gaps in visual planning. Furthermore, we found that
rule-based RL can significantly boost visual reasoning ca-
pabilities. This highlights that our benchmark could serve
as a valuable testing ground for the emerging field of agen-
tic RL research.

This WACV paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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1. Introduction
The advent of Large Language Models (LLMs) [11, 17, 22,

84, 85, 118], and Large Multimodal Models (LMMs) [6, 8,

52, 83] has revolutionized the fields of natural language pro-

cessing and computer vision. These models have demon-

strated remarkable capabilities across a variety of classi-

cal tasks, including translation [64, 90, 102, 114], sum-

marization [7, 68, 119], VQA [13, 27, 67, 75], caption-

ing [86, 103], etc. The more recent OpenAI o1 [4] and

DeepSeek’s R1 [29] stand out due to its exceptional reason-

ing abilities, particularly on math and coding. The leap in

reasoning capability of LLMs has paved the way for the de-

velopment of LLM-based agents, which harness the power

of these models to autonomously perform a range of sophis-

ticated tasks.

Compared to the reasoning in LLMs, the reasoning

and test time scaling in LMMs are more complex. This

increased complexity arises because, in many real-world

LMM applications (such as virtual agents and robotics),

perception tasks and reasoning tasks are intertwined and

influence each other. Therefore, we need a more frequent

and complex interaction-based evaluation method for visual

reasoning. Unfortunately, rare efforts have been made –

existing benchmarks for LMMs mainly focus on the sim-

ple VQA problems [27, 38, 43, 55, 107, 109]; their rea-

soning assessment generally relies on the language part,

which does not require interleaved involvement of visual

signals [25, 58, 63, 115, 121, 123] .

In this work, we attempt to introduce more complex

reasoning paradigms into the evaluation of visual reason-

ing. When defining ‘complex reasoning paradigms’, we ex-

pect not only the reasoning of initial visual input, but also

the continuous understanding of visual feedback throughout

the entire process. These tasks require models to dynam-

ically interact with visual information, continually updat-

ing their understanding and decisions based on new visual

cues, much like a human would. We refer to this reasoning

paradigm concept, which integrates other modality (vision)

into the reasoning chain, as Vision-in-the-Chain (ViC), as

illustrated in the last block of Figure 2. Note that, ViC is not

a novel implementation or method as all LMM empowered

agent solutions are leveraging LMM’s ViC abilities. We re-

strict this definition as a novel concept specifically in the

field of LMM reasoning.

Technically, the ViC paradigm is fundamentally differ-

ent from previous reasoning paradigms, e.g. text chain-of-

thought (CoT) [40, 94, 95, 111, 120] and visual CoT [25,

63, 115, 121, 123]. The latter two paradigms only perform

text-based reasoning with multiple intermediate steps, with-

out incorporating the visual signals at each step, as shown in

Figure 2. The continuous integration of visual feedback in

ViC ensures that models can handle intricate tasks, e.g. nav-

igation and driving, which is more aligned with the needs of

Text CoT

Visual CoT

Video / multi-images understanding

Vision-in-the-chain

Vision as intermediate thoughts / VQA

Vision as contexts / Agent

Vision as feedbacks / Embodied AI

What is the color 
of the front door 
of the bus that is 
farthest from the 
airplane?

Object
detection

Spatial
ruler

Zoom
in

Answer
“blue”

Let’s push the 
box below to 
the target at 
bottom left 
first.

Goto bottom 
right first.
Move right.

Move down.
Now we are 
next to the box.
Push left.

……

Please pass 
me the blue 
empty plate.

There are apple 
and banana on 
the plate, so we 
need to clear the 
plate first.
Pick up apple.

There are still a 
banana on the 
plate.
Pick up banana.

Now it is clean.
Pick up plate.

Figure 2. The difference between vision-in-the-chain reasoning

and existing reasoning paradigm. Example images are adapted

from [36, 71, 125].

agents [30, 92, 100] and robotics [87, 113].

Evidently, Agent environments are inherently the opti-

mal scenarios for ViC-type reasoning. However, existing

Agent environments [15, 88, 126] are not suitable for test-

ing the intrinsic ViC capabilities of models. This is because

the research and outcomes associated with complex agent

scenarios are strongly coupled with the design of the agent

systems themselves, such as prompts and pipelines, obscur-

ing the model’s inherent capabilities. With the above back-

ground, we present MageBench, a Multimodal reasoning

benchmark built upon light-weight AGEnt environments

that using fixed minimal design of agent system in order

to access the reasoning ability and potential for LMMs to

be general agents. MageBench poses significant reasoning

challenges and holds substantial practical value.

During environment selection, we prioritize the visual

abilities required by the tasks rather than the relationships

inherent to the environments themselves. Additionally, to

accommodate the requirements of RL and scaling, we en-

sure that the environments are as lightweight as possible.

Ultimately, we established WebUI to reflect cross-modal

knowledge and engineering capabilities; Sokoban to repre-

sent the spatial intelligence and planning abilities required

in the robotics domain; and Football to demonstrate social

and interactive capabilities in multi-agent scenarios, as so-

cial and interactive capabilities are fundamental character-

istics of intelligent agents [26, 97, 100].
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Figure 3. The Impact of Rule-based Reinforcement Learning on

Sokoban-Global mini Results. This shows that our benchmark is

well suited as a test scenario for LMM agentic RL studies.

We propose two baseline agent setting: Global (the

model only observes the initial state and gives all actions)

and Online (the model interacts with the environment to

continuously obtain image observations and output actions),

which correspond to Visual CoT and ViC types of reason-

ing, respectively. We tested 14 strongest open-source and

close-source LMMs selected from each model family, and

the level of human performance in Tab. 2, and more mod-

els in Supp. C.1. We found that in the Online setting,

only GPT-4o and Gemini-1.5-pro outperformed the random

level, and all of them are far inferior to human level. This

shows that they severely lack ViC-type reasoning capabil-

ities, making existing LMMs far from ideal for agent and

robotics applications. This may inspire us to recognize that

existing LMMs lack visual progressive training, such as that

involving video. In addition, the existing models do a good

job in the Global setting of WebUI. Claude can even ap-

proach human level. However, they failed to boost the result

with browser’s rendering feedback, but human can continu-

ally adapt their codes to nearly perfection. This is possibly

caused by the shortcomings of interleaved image-text long

context handing.

To mutually verify the scalability of our benchmark,

we adopted a strategy similar to DeepSeek R1 Zero [29].

We employed rule-based RL and various datasets to train

Qwen-2.5-VL-3B [9]. The results indicated that, regardless

of whether it was trained on pure text, multimodal data, or

in-domain environments, the model demonstrated enhanced

reasoning capabilities (see Figure 3). Notably, after train-

ing with Sokoban, it exhibited performance in the Sokoban-

Global setting that surpassed the results of product-level

large models. This paper does not focus on innovative RL

algorithms; however, the results suggest that our benchmark

can effectively serve as a testing ground for the burgeoning

research in agentic RL.

2. Related Work
Large Multimodal Models. The advent of large language

models (LLMs) [6, 11, 17, 22] has demonstrated remark-

able reasoning capabilities [94, 95] and the potential for

general intelligence [23]. By employing a single model

with different prompts, a multitude of tasks can be accom-

plished [21, 74]. A natural extension of this concept is to

apply similar methods to other modalities to achieve general

multimodal intelligence. Flamingo [8] was among the first

to explore multimodal in-context learning [98, 103, 127],

followed by the emergence of numerous large multimodal

models [1–3, 6, 52, 83]. These models employ various

technical approaches [42, 49–52, 82]. As technology has

progressed, product-level multimodal large models such as

GPT-4V [6], GPT-4O [2], Gemini [83], Claude [1], and

Grok-2 [3] have showcased state-of-the-art performance.

Visual Reasoning. Chain-of-thought prompting [40, 94,

95], flow engineering [73], self-reflection [79, 105], and

their various variants [124] have demonstrated significant

improvements. In visual tasks, the primary evaluation

datasets for visual reasoning are those based on VQA tasks,

such as ScienceQA [58] and MathVista [59]. Due to the

limitations of these evaluation datasets, many existing stud-

ies [25, 63, 115, 121, 123] on visual reasoning using “CoT"

as a keyword mainly focus on extracting information from

multimodal problems, and then utilize text-based interme-

diate processes such as captioning [121], rationales [58],

relational graphs [63], and question tables [123].

Some recent works have attempted to incorporate pro-

cedural information from other modalities, leveraging ViC

type reasoning to fulfill certain tasks, such as Image-of-

thought [125] and DetToolChain [99] However, they are

constrained to classical vision tasks and hence are not suit-

able for benchmarking.

Rule based RL and Test Time Scaling. In the context

of reasoning scaling for LLMs[10, 72], the community has

explored various approaches such as process reward mod-

els [47, 122] and MCTS-based decoding [28, 70]. With the

successes of R1[29], rule-based RL on verifiable math[18,

33] and coding[14, 32, 45] datasets, has emerged as a stand-

out technique. Through extensive community replication

and research [35, 101], it has been observed that different

optimization algorithms (e.g., PPO [77], GRPO [78], Rein-

force++ [34]) are not the primary determinants of test-time

scaling success. Instead, the key factor lies in the verifiable

datasets and rule-based rewards, which offer more accurate,

stable, and unhackable rewards compared to any previous

reward models.

Recently, the visual research community has demon-

strated a growing interest in visual test-time scaling. Be-

yond visual math problems [57–59], our research tasks

serve as an excellent testing ground with verifiable, strong

reasoning, and easy-to-scale features.
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Table 1. Comparing existing LMM benchmark types and ours.

Bench. Type Works CoT type Target

Perception [24, 39, 43, 62, 96, 129] None Accessing LMMs’ capability to seek information from images.

Knowledge and
Reasoning

[31, 58, 59, 110, 116] text Accessing LMMs’ general ability including perception and reasoning. Usu-
ally first percept and then reason by text.

Agent [53, 54] ViC/text Accessing agent system design and LMMs’ perception and decision mak-
ing. Result and planning rely heavily on system and pipeline design.

Robotic [12, 61, 65, 81] ViC Same with agent but require more real world commen sence.

Ours (Knowledge
and Reasoning)

- ViC Accessing LMM it-selves planning and perception with fixed and simplest
system design via light-weight agent environment.

Benchmarking LMMs There are numerous evaluation

datasets for LMMs that comprehensively assess various ca-

pabilities, We summarize them into three categories in Ta-

ble 1. For perception-oriented benchmarks [24, 39, 62, 96,

129], CoT generally cannot boost the result, as they do

not require reasoning. Existing vision reasoning [27, 31,

38, 116] and knowledge-oriented benchmarks [110] bene-

fit from text-based CoT. Most of these evaluations are pre-

sented in the form of multiple-choice questions, which sim-

plify and abstract real-world problems [44]. Another ap-

proach to evaluating models is to deploy them on agents for

task-level end-to-end assessments [53, 54]. However, not

all meaningful environments can prohibit meaningful and

representative reasoning skills of LMMs, as the planning

progress can be largely utilized by the system design (like

work flow, specific system prompt, etc.). We will elaborate

more on this in Sec.3 and Supp. A.4.

As shown in Table 1, our work is built upon three light-

weight agent environments with minimal design of work

flow and system prompts, but it is not an agent benchmark.

The difference is that we ensure the system prompts do not

leak any planning clues and do not allow system design.

This will amplify the model’s intrinsic planning capabili-

ties. In addition, our environments selection is reasoning

ability-oriented, instead of environment-oriented as agent

benchmarks do. Hence, it is not and not necessarily highly

related between environments, but they are complementary

in terms of reasoning abilities.

3. Introducing MageBench

3.1. Environment selection

MageBench aims to select the most simple, representative

environments from the perspective of reasoning and with

generalization ability. We investigate dozens of environ-

ments and select those meet the criteria below:

• Representativeness on Reasoning: Considering the rea-

soning abilities required for LMMs to become general

agents, we believe they need at least real-world engineer-

ing knowledge to assist humen (WebUI), spatial under-

standing and planning (Sokoban) and skill to cooperate

for future advanced multi-agent system (Football). We

investigate and exclude many robotics simulation envi-

ronments(e.g., [37, 69, 112] and OmniGibson in [54]),

Virtual reality game (e.g., [15, 48, 128]) and app ma-

nipulation (e.g., [20, 46, 66, 88, 91]), although they

are more practical with complex actions, their high level

planning are actually simple and direct. For example, to

buy an commodity in a webpage, there is a clear high-

level “search-browse-click-...” pipeline can be systemat-

ically designed and the model only needs to fulfill low-

level tasks like percept and act, although they are still not

easy.

• Visual Feedback: We excluded environments where im-

ages are not the sole form of feedback [104, 126].

• Simplicity: The environments are highly streamlined,

with minimal database, library, memory and hardware re-

quirements. This is crucial for serving as a testing ground

for the future rule-based on-policy RL trainings.

• Discrete Action Space: Since expecting a LMM to out-

put continuous values such as angles is clearly impracti-

cal and can lead to significant errors, we require that the

environment’s inputs be limited to finite and discrete ac-

tions, such as the up, down, left, and right movements in

Sokoban. This requirement excludes many Embodied AI

environments like ALFRED [80], Habitat [76], Virtual-

Home [69] and etc. Although we could use predefined

actions, doing so might introduce additional constraints.

Based on the aforementioned criteria, we selected rep-

resentative environments for each capability, ultimately

choosing Sokoban, WebUI, and Football to form our bench-

mark. It is worth noting that for each capability, there might

be alternative environments available; however, we opted

for the relatively simpler ones. Our goal is for our bench-

mark to cover all capabilities, without requiring each en-

vironment to be irreplaceable or to encompass all similar

environments.

3.2. Agent settings
During testing, we treat LMM as agent and utilize two fixed

standard settings:

• Global Planner Agent. The model only observes the

minimal designed system prompt(psys) and the initial

environment(o0) once and continuously makes all subse-

quent decisions(ai), formulated as

πθ(psys, o0) → a1,a2, ...,aT.
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Webpage description

LMM Agents

Target webpage

Task Description: Drink Water Webpage
Your job is to design a webpage that helps users track their daily water 
intake. The webpage should have interactive elements that allow users to 
select the number of glasses of water they have consumed. Below are the 
detailed requirements and resources needed to re-implement the webpage
Initial Webpage
The initial webpage should look like this:

Resources
Fonts

Use the Montserrat font from Google Fonts:       

Text Content
……

@import url('https://fonts.googleapis.com/css?family=Montserrat:400,600&display=swap');

Drink Water
Goal 2 LitersGoal 2 Liters

2L
remained

Select how many glasses of water that you have drankct how many glass

250
ml

250
ml

ses of watey glass

250
ml

250
ml

er that you of wate

250
ml

250
ml

have drankat you 

250
ml

250
ml

Drink Water
Goal 2 Liters

2L
remained

Select how many glasses of water that you have drank

250
ml

250
ml

250
ml

250
ml

250
ml

250
ml

250
ml

250
ml

Drink Water

Goal 2 Liters

Select how many glasses of water that you have drank

250ml

250ml

250ml

250ml

250ml

250ml

250ml

250ml

Generated webpage

CSS attributes 
similarity:

color: 0.85
font-size: 0.5
font-weight: 1.0
font-style: 0.0
……

Index.html    style.css     script.js

Figure 4. An overview of WebUI and its evaluation. LMM Agents

are required to re-generate the webpage according to the descrip-

tion. We match the generated elements with the atomic elements

in the ground truth. Then we compare the CSS attributes to ob-

tain a similarity score. A specific example of task description can

be found in Supp. G.1.3. Technique details of evaluation can be

found in Supp. A.1.3.

• Online Planner Agent. The model observes and ana-

lyzes on each step and takes actions online, which forms

the ViC-type reasoning, for t = 1 → T :

πθ(psys, ...,at−1,ot−1,at,ot) → at+1.

There will be more details about both settings (e.g., agent

memory), we left them to Supp. B. We will introduce each

of our environments in detail below.

3.3. WebUI
We collected minimal web projects from GitHub, strictly

adhering to the corresponding licenses, consisting of only a

few HTML, JavaScript, and CSS files. For each webpage,

we will create a Markdown-formatted webpage description.

The webpage description is a image-text interleaved doc-

ument that provides sufficient information to fully recon-

struct the website. It includes detailed webpage descrip-

tions, external resources, and screenshots before and after

various interactions and etc. The task of WebUI is to re-

construct the website based on the description and a Google

Chrome web driver.

The evaluation of WebUI is based on comparing the CSS

properties of atomic elements. We first define atomic ele-
ments as follows: Suppose webpage B is a reproduction

of webpage A. An HTML tag in webpage A is considered

atomic if any attribute it contains is guaranteed to appear in

…
## Analyze
There is an opponent at my top-right direction 
running toward me, and a teammate……
……
## Action
short-pass

Figure 5. The segment from the Germany vs. Mexico match in the

2018 FIFA World Cup (right), and the initial game scene inspired

by it (left). Model analyzes and generates one of the actions (bot-

tom), similar process for the Sokoban-Online.

a corresponding tag in webpage B. For example, all head-

ings, texts, and images in webpage A may exist in webpage

B as different types of tags (e.g., both h1 and span tags can

display text). During evaluation, we first match the atomic

elements in the target webpage with the elements in the

webpage generated by the agent using a carefully designed

matching algorithm. Next, we compare the CSS property

similarity of the successfully matched elements, typically

using metrics such as relative error or checking if the values

are equal. Finally, we provide a weighted similarity score

as the evaluation result. We refer to this metric as Atomic
Element Similarity (AES). The technical details involved

are extensive and will be presented in the Supp. A.1.3.

3.4. Sokoban

Sokoban is a well-known logic video game where the task

is to maneuver a character to push all boxes onto designated

target areas. The game is highly challenging due to the

presence of numerous losing states and traps, necessitating

strong planning abilities [71]. The planning and reasoning

capabilities of LMMs may effectively mitigate this issue,

making this environment ideal for testing an agent’s path

finding, planning, error correction, and foresight abilities.

We utilize the rendering environment provided by [71]. We

generated and stored 182 levels of varying difficulty. Fur-

ther details can be found in Supp. A.2.

We also adapt the reward value defined in [71] to evalu-

ate the LMMs. However, unlike their approach, we use the

historically optimal reward throughout the trajectory rather

than the final reward. This is because the reward includes

a penalty for the number of steps taken. Based on exten-

sive testing, we found that given the current capabilities of

LMMs, using the final reward tends to be dominated by fac-

tors such as the model’s output length, the number of steps

we set (for the online setting), the length penalties and etc.

This is an outcome we aim to avoid.
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3.5. Football
Football, as one of the most competitive and cooperative

sports, can fully demonstrate an agent’s spatial intelligence

and collective intelligence, potentially providing a research

foundation for future LMM multi-agent systems. We chose

the rendering platform provided by Google Football Re-

search [41] for our study. We generated 108 scenarios as

initial states, with each initial scenario serving as a level

(analogous to a level in Sokoban). These levels cover dif-

ferent areas of the football field and are categorized into

personal (scenarios where good passing routes are unavail-

able, requiring players to showcase individual skills), team-

work (scenarios suitable for demonstrating team collabo-

ration and passing), and real-world (scenarios from actual

World Cup matches). The agent will use text outputs to per-

form 18 actions (including moving, long passing, and shot),

starting from each scenario and simulating up to 400 frames

until a goal is scored or the ball is intercepted. More details

can be found in Supp. A.3. We also designed an automatic

rendering algorithm (see Supp. A.3.4.) that reduces the av-

erage number of API calls needed per scenario from 80 to

less than 20, without affecting the results.

During the simulation process, the LMM agent will con-

trol only one player (always the player in possession of the

ball), while the other players are controlled by built-in AI

bots. The presence of numerous agents results in a highly

stochastic environment simulation. Using metrics such as

win-rate leads to high variance and requires extensive rep-

etitions. To address this issue, we carefully designed a

more dense reward system to comprehensively evaluate the

model’s capabilities. The design of this reward system is as

follows:

R(t) =λ1S
(t)
move + λ2S

(t)
oppo + λ3δ

(t)
scored

+ λ4δ
(t)
stole

t

T
+ λ5δ

(t)
passS

(t)
pass

+ λ6δ
(t)
shotS

(t)
shot,

(1)

where δ
(t)
event is a indicator function that event happened

at time step t. S
(t)
move and S

(t)
oppo represent the reward val-

ues obtained after processing the distance the ball has been

moved forward and the number of opponents surpassed, re-

spectively. S
(t)
pass and S

(t)
shot are metrics that quantify the

quality of passing and shot. For additional details and spe-

cific parameters, please refer to Supp. A.3.3.

4. Rule-based RL for LMMs
Since RL is not the primary focus of this study and is

only used to complement and validate our benchmark and

the synergy of multimodal test time scaling, we did not in-

vest substantial effort in algorithmic design. We employed

the PPO algorithm [77] and utilized a rule-based reward

Figure 6. Task rewards (left) and output tokens (right) curves when

changing reward strategies. “+kl” means we will add kl regular-

ization with coefficient 0.001. “+rep” stands for using a repeat

penalty that will minus 0.2 from reward if repetition detected.

“+enc” means encourage the model with len(tokens) × 0.001
only when output length is less than 200 tokens.

system similar to MageBench-Sokoban. We conducted ex-

periments with KL divergence and implemented a repeat

penalty on the reward, as illustrated in Figure 6. The RL

experiments were designed to demonstrate that our bench-

mark is forward-looking and can effectively validate the

emerging research in Agentic RL. Details of the RL imple-

mentation are provided in the Suppl. E.

5. Results and Analysis

5.1. Standard setting
We use the MageBench and the minimal and unified agent

setting as the carrier to study what kind of LMMs have the

potential to become a genral agent. It is worth stating that

these models may perform better in MageBench with spe-

cially designed agents, prompts, and settings, but for the

sake of a fair comparison, we will use the same standard

settings below.

• Online planner will be able to see 5 history actions and 1

history image, so that we can fairly evaluate models with-

out multi-images capability. According to our tests, these

two types of memory do not have a significant impact on

the performance for current models, See Supp. C.2.

• Agent-based evaluation always has a large stochastic vari-

ance. Hence, we require all experiments to be repeated

and averaged. For MageBench mini set, Sokoban and

WebUI should repeat 3 times and Football repeat 10

times. For MageBench complete set (in Supp. C.1 ), all

experiments reported are averaged over 3 repetition.

We select LMMs that are trained for general usages and

support flexible interleaved image-text inputs, and have at

least 4096 context length to evaluate. Table 2 presents the

test results under the standard settings on the MageBench

mini subset. We evaluated the strongest models from each
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Table 2. Evaluation on MageBench test-mini subset with unified prompt. IFE stands for “Instruction Following Error”. It is defined as

follows: if more than 90% of the outputs are not parsed into valid actions, or if 90% of the actions are the same (indicating that the model

is repeating a certain action), it is considered an IFE. δ represents the significance difference derived from repeated experiments.

Model

WebUI AES (%) Sokoban Reward Football Reward

Global (δ = ±2.0) Online (δ = ±2.6) Global (δ = ±1.9) Online (δ = ±1.8) Online (δ = ±2.2)

Phi-3.5-V-4.2B [5] 0.03 11.78 44.95 44.14 10.00

DeepSeek-VL-7B [56] 13.78 8.07 IFE IFE IFE

Xcomposer-2.5-7B [117] 12.95 15.26 45.57 42.28 IFE

MiniCPM-V2.6-8B [106] 12.52 10.03 42.52 42.36 2.10

LLaVA-v1.5-13B [50] 11.95 9.92 46.28 42.59 18.13

Llava-1.6-34B [51] 6.57 15.17 43.19 43.47 3.91

Yi-VL-34B [108] 7.14 12.08 IFE IFE IFE

Qwen2-vl-72B [93] 7.37 13.03 46.21 43.22 15.75

NVLM-72B [19] 4.71 14.46 43.46 44.07 14.46

InternVL2-76B-LLaMA3 [16] 16.22 16.76 44.56 43.58 10.50

Qwen2.5-vl-72B [9] 24.57 25.13 45.13 50.88 19.03

Llama-3.2-90B-Vision [22] 35.09 27.47 45.80 IFE 14.28

Claude-3.5-Sonnet [1] 64.11 62.08 48.26 45.35 16.94

Gemini-1.5-pro [83] 44.79 39.30 46.13 51.84 18.33

GPT-4o [2] 34.28 35.50 46.09 53.03 21.20

Idle Baseline 0.00 0.00 41.18 41.18 2.53

Random Baseline 0.00 0.00 46.61 46.61 17.33

Human 68.71 94.32 83.63 96.85 54.68

open-source LMM series (first block) and the results of

three closed-source product-level models (second block).

We also provided idle and random baselines, as well as

human-level results in the third block. For Sokoban and

Football in the idle baseline, no actions were taken (an idle

action is available in the football environment). The ran-

dom baseline refers to randomly selecting a possible ac-

tion. During human-level testing, annotators were selected

from several PhD candidates with strong reasoning abili-

ties. The testing conditions for the human annotators were

completely fair when compared to the models. For exam-

ple, in the results for Sokoban-Global, humans could not

control the player and could only observe the initial screen

and record all actions using their imagination. In WebUI-

Global, humans were not allowed to view the browser’s

rendered output while writing code, whereas in the WebUI-

Online setting, humans were permitted to observe the ren-

dered screen.

Overall, we found that although open-source models

have achieved performance levels comparable to closed-

source models on many VQA tasks, they still fall signif-

icantly short of the requirements for AI agents. In the

Sokoban and Football, only GPT-4o and Gemini performed

better than the random baseline under the online setting.

This may be attributed to the optimization of product-level

models for multi-turn dialogue and multi-image scenarios.

Claude’s performance under the Global setting was very im-

pressive, being the only model that could work in the Global

setting for Sokoban, but it still lagged far behind human-

level performance. This demonstrates that humans possess

strong imaginative and think-ahead abilities, which are sub-

stantially lacking in current LMMs.

We were pleasantly surprised to observe that Claude

demonstrated performance close to that of computer sci-

ence PhD candidates in the WebUI-Global results. How-

ever, while humans can modify webpage code based on ren-

dered screen to make it almost identical to the target web-

page, current models fail to achieve this. We tried several

prompt and self-reflection types for WebUI-Online, and left

the details and results in Supp. C.4.

The prompts and details of all environment and agent

settings can be found in Supp. A and G.

5.2. Best-of-N Result

We use best-of-N scaling curves to investigate the potential

of the models in relevant tasks in Fig. 7. Firstly, we observe

that in the Football environment, many models can sur-

pass human performance by computing the best-of-N, with

a steep upward slope. This indicates that there is a signifi-

cant opportunity to achieve substantial improvements in this

task using RL algorithms. However, in the Sokoban task,

the best-of-N curve exhibits slow growth, suggesting that it

will be difficulty to generate valuable trajectories through

trial and error and experience accumulation. During our RL

training, by leveraging repeat penalty and length encourage

in reward, we speed up this process. The best-of-N curve on

WebUI is very similar to the pass@N metric in code gener-

ation. We can observe that both model enhancement and

increasing N can lead to substantial gains.
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Figure 7. Best-of-N results of selected models.

5.3. Error Statistics and Analysis
We categorize the types of errors for different models on

Sokoban and Football, finding that models suffer from re-

peating actions and instruction following errors. This indi-

cates that existing models have deficiencies in training with

the Vision-in-the-Chain type of data studied in this paper.

We left the detailed statistics in Supp. C.3 .

Figure 8 illustrates the composition of lost scores for dif-

ferent models on the WebUI. The AES section represents

the scores obtained by the models. If a parsing error (un-

able to recognize code) or a render error (unable to render

the initial web page due to some compilation issues) oc-

curs, the model loses all the scores. If interaction error hap-

pened, the model loses the scores of the sub-webpage. The

attribute similarity is only calculated when a model does not

encounter “Par.”, “Ren.”, or “Act.” errors and successfully

matches the corresponding HTML tags.

Par.
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4%

Mat.

1%
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23%

AES

66%

Claude-3.5-Sonnet

Par.

5%

Ren.

4%

Act.

9%

Mat.

4%

Attr.

33%

AES

44%

Gemini-1.5-pro

Par.

2%

Ren.

1%

Act.

11%

Mat.

3%

Attr.

48%

AES

35%

LLaMA-3.2-90B-V

Par.

2%

Ren.

6%

Act.

19%

Mat.

5%

Attr.

33%

AES

34%

GPT-4o

Par.

0%

Ren.
5%

Act.

34%

Mat.

17%

Attr.

29%

AES

16%

InternVL-76B

Par.

1%

Ren.

0%

Act.

58%

Mat.

9%

Attr.

17%

AES

14%

DeepSeek-VL-7B

Par.

Ren.

Act.

Mat.

Attr.

AES

Figure 8. WebUI error construction. Each part of the pie graph is

the corresponding score that model lost (or earned for AES part).

“Par.”=Parsing Error (or invalid actions); “Ren.” = Rendering

Error; “Act.” = Webpage Interaction Error; “Mat.” = HTML Tag

Matching Error; “Attr.” = Attribute Similarity Lost.

From Figure 8, it can be observed that stronger models

tend to have fewer “Par.,” “Ren.,” and “Act.” type errors

(functional errors) caused by syntax and formatting issues,

with a higher proportion of attribute setting errors instead.

These models require stronger visual grounding capabilities

to achieve further improvements. Conversely, weaker mod-

els have a higher proportion of functional errors, indicating

their insufficient knowledge regarding web pages.

5.4. RL training results
Table 3 presents the results of training Qwen-2.5-instruct-

vl. The results for “Qwen + Text” RL are obtained by using

rule-based RL on the purely text-based reasoning dataset

DeepScaler[60]. In contrast, the results for “Qwen + Visual

RL” are based on training with the visual reasoning dataset

MathV[89]. We left more details in Supp. E.

Table 3. MageBench results for RL trainings on different data.

Model Sokoban-G WebUI-G Football-O

Claude-3.5-Sonnet 48.26 64.11 16.94
Gemini-1.5-pro 46.13 44.79 18.33
GPT-4o 46.09 34.28 21.20

Qwen-VL-2.5-3B-Instruct 42.35 11.20 15.36
Qwen + Text RL 44.81 11.80 18.46
Qwen + Visual RL 44.20 12.77 17.39
Qwen + Sokoban RL 53.30 10.52 19.19

The results first demonstrate that in an in-domain sce-

nario, conducting agent-level RL can significantly enhance

the performance of LMMs in the corresponding environ-

ment. Even a 3B model, after training, can achieve results

that surpass those of product-level large models, which also

attests to the scalability of our benchmark. Secondly, we

were surprised to find that out-of-domain RL exhibited a

certain degree of generalization capability. Specifically, RL

training on text-based reasoning, visual reasoning data, and

Sokoban all led to improvements in both Sokoban and Foot-

ball. This suggests that there are certain connections be-

tween different agents, hinting at the potential emergence

of future general intelligent agents. However, there was no

improvement observed for WebUI, likely because WebUI

primarily assesses the model’s knowledge application, and

reinforcement learning does not directly endow the model

with new knowledge. This indicates that our benchmark

environment selection is fairly comprehensive.

6. Summarization and Limitations
In this paper, we introduce a new benchmark called

MageBench. We conducted tests on a wide range of both

open-source and close-source LMMs. The results indicate

that current models lack ViC type reasoning abilities. Our

current environment is relatively limited and simple. We

plan to incorporate more comprehensive content in the fu-

ture. We hope to offer LMM developers valuable insights

and optimization directions.
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