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Abstract

Integrating external tools into Large Foundation Models
(LFMs) has emerged as a promising approach to enhance
their problem-solving capabilities. While existing studies
have demonstrated strong performance in tool-augmented
Visual Question Answering (VQA), recent benchmarks re-
veal significant gaps in real-world tool-use proficiency,
particularly in functionally diverse multimodal settings re-
quiring multi-step reasoning. In this work, we intro-
duce ToolVQA, a large-scale multimodal dataset compris-
ing 23K samples, designed to bridge this gap. Unlike pre-
vious datasets that rely on synthetic scenarios and sim-
plified queries, ToolVQA features real-world visual con-
texts and challenging implicit multi-step reasoning tasks,
better aligning with real user interactions. To construct
this dataset, we propose ToolEngine, a novel data genera-
tion pipeline that employs image-guided Depth-First Search
(DFS) with a Longest Common Subsequence (LCS)-based
example matching mechanism to simulate human-like tool-
use reasoning. ToolVQA encompasses 10 multimodal tools
across 7 diverse domains, with an average inference length
of 2.78 reasoning steps per sample. The LLaVA-7B model
fine-tuned on ToolVQA not only achieves impressive per-
formance on the ToolVQA test set, but also surpasses the
large closed-source model GPT-3.5-turbo on five out-of-
distribution (OOD) datasets, showing strong generalizabil-
ity in real-world tool-use scenarios. Code is available at
https://github.com/Fugtemypt123/ToolVQA-release.

1. Introduction

Integrating external tools into Large Foundation Models
(LFMs) [31] is a promising way to build versatile AI as-
sistants. By leveraging external tools, LFMs can break
down complex tasks into smaller, more manageable sub-
tasks, each handled by a specialized tool. Prior works [7,
10, 11, 33, 37] show strong performance on traditional Vi-
sual Question Answering (VQA) benchmarks using exter-

*Corresponding author

Non Real-World Scenarios

Non Real-World Queries

Based on the text 'James Hutton is often 
viewed as the first modern geologist…', 
could you help me find out who the first 
modern geologist is?  

(Simple retrieve, no tool use)

Can you help me find popular videos and 
trending gaming videos. I'm using the 
'Cheap YouTube API' tool. 

(Explicit tool use, no reasoning)

(Overly simplistic synthetic scenarios)

Real-World Setting

‘a bowl of salad, 
a sandwich 

and a bottle of beer’

‘Bridgeport 
Brewing Company 

closed in 2019.’

‘BRIDGEPORT’

Q: How many years 
has it been since the 
brewery that 
produced this beer 
ceased operations?
A: 5

‘2024-2019=5’

‘Primary ACSC: 
49.89(±11.8)……

Non-primary ACSC:
43.62(±12.8)……’

‘49.89-43.62=6.27
……’

Q: What’s the 
difference between 
Primary ACSC and 
Non-primary ACSC? 
Please illustrate it 
using a bar chart.
A: Find me some interesting news articles 

about the culinary world. Additionally, 
provide me with the current threshold 
securities list for NVIDIA’s stock.
(Just tool list, no multi-step reasoning)

Figure 1. Our real-world setting includes (1) complex visual sce-
narios with real-world context; (2) challenging queries with an im-
plicit multi-step reasoning process. Existing datasets (left) do not
meet these requirements, while our ToolVQA (right) does.

nal tools. Recent works [24, 27, 39] highlight the limita-
tions of current LFMs in their tool-use capabilities within
challenging contexts. These contexts require function-
ally diverse multimodal tools and multi-step reasoning pro-
cesses associated with tool usage, posing major challenges
to LFMs’ tool-use proficiency.

One effective approach to enhancing LFM’s tool-use ca-
pability is fine-tuning on large-scale datasets [8, 10, 12, 33].
However, there remains a significant gap between existing
large-scale datasets and real-world user needs. Through the
study of real user logs, we find that real-world tool usage
involves (1) real-world scenarios: complex visual scenar-
ios with real-world context (e.g. real-taken photos rather
than synthetic images), and (2) real-world queries: chal-
lenging queries with an implicit multi-step reasoning pro-
cess. However, existing datasets often lack these two criti-
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cal properties, as shown in Fig. 1. The scenarios are synthe-
sized instead of real-taken [8, 39], resulting in simplified
scenes that differ from real-world scenarios in complex-
ity. The queries require only single-step reasoning or ex-
plicitly provide hints about the reasoning process [10, 30],
such as “using the Cheap YouTube API tool”. These setups
simplify the task and may lead to a gap between synthetic
and real-world tool usage, which limits our ability to ana-
lyze LFMs’ performance on this task. Additionally, some
datasets [27, 39] rely on costly human annotations, making
them difficult to scale, which limits fine-tuning to enhance
LFMs’ tool-using capabilities.

To bridge these gaps, we introduce ToolEngine, a data
construction pipeline designed to generate multi-step rea-
soning VQA data for tool usage. ToolEngine employs an
image-guided Depth-First Search (DFS) approach [30] to
simulate the human-like multi-step reasoning process under
the guidance of real user context examples. To facilitate
multi-step reasoning in data, we introduce a Longest Com-
mon Subsequence (LCS)-based example matching mecha-
nism. During each step in the iterative search process, this
mechanism matches different real-world tool-use examples
based on the previous search trajectory, guiding the con-
troller in making the next selection. This mechanism en-
ables: (1) Extracting rich visual information from the in-
put image; (2) Integrating this information during the rea-
soning process to propose challenging queries. By free-
ing query generation from the constraints of fixed tem-
plates [8, 24, 30], ToolEngine enhances the utilization of
visual information, consequently increasing the reasoning
complexity of the generated queries.

We leverage ToolEngine to construct ToolVQA, a large-
scale multimodal tool-usage dataset comprising 23K sam-
ples. We assess data quality via a manual evaluation con-
ducted on a randomly sampled 4k subset of the training
set, which yields an accuracy of 90.8%. The test set is
carefully filtered and fully human-annotated. As shown
in Tab. 1, ToolVQA outperforms prior tool-use datasets
across multiple perspectives, providing a more compre-
hensive representation of real-world scenarios. We eval-
uate state-of-the-art (SOTA) LFMs on ToolVQA and ob-
serve that: (1) Larger LFMs demonstrate superior reason-
ing capabilities. (2) LFMs consistently underperform rel-
ative to humans, primarily due to their inability to inte-
grate new information introduced in multi-turn dialogues.
We fine-tune LLaVA-7B [21] on ToolVQA, and the model
demonstrated performance surpassing or approaching that
of the large closed-source model GPT-3.5-Turbo on both
our test set and five out-of-distribution (OOD) bench-
marks—TextVQA [36], TallyQA [1], Infoseek [4], TEM-
PLAMA [6], and GTA [39], which include unseen tasks and
tools. In summary, our contributions are as follows:

1. ToolEngine: We introduce ToolEngine, a VQA data

construction engine that generates reasonable multi-step
tool-use trajectories from unannotated images, and con-
structs challenging question-answer pairs accordingly.

2. ToolVQA: We propose ToolVQA, a large-scale multi-
modal tool-use dataset that encompasses 10 multimodal
tools across 7 diverse domains, providing a benchmark
for evaluating and advancing LFMs’ tool-use capabili-
ties on real-world tasks.

3. Fine-tuning: We fine-tune LLaVA-7B on ToolVQA to
obtain a new tool-use agent, which outperforms large
closed-source models like GPT-3.5-Turbo on six bench-
marks (ToolVQA and the other five OOD benchmarks).

2. Related Work
2.1. Datasets and Benchmarks for Tool Agent
With the rise of real-world tool-use applications, many
works have attempted to build datasets and benchmarks to
evaluate the tool-use capabilities of LFMs from different
perspectives. Text-based datasets [12, 19, 29, 30, 32, 44,
47, 50] collect a large number of real-world APIs to build
large-scale, diverse text-based tool-use examples. On the
other hand, multimodal datasets [1, 4, 13, 24, 25, 27, 35, 36,
39, 40] integrate visual input into the query process, mak-
ing queries challenging and more adaptable to real-world
needs. However, they either fail to capture real-world sce-
narios or rely on expensive human annotation. MM-Traj [8]
is a recent work which also constructs large-scale training
data using an automated pipeline, but has the following lim-
itations: (1) Synthesizes over-simplified PDF files as the
multimodal contexts; (2) Their answers are long-form texts
that have not been verified for correctness.

2.2. LFM-based Tool Agents
Most recent LFMs have demonstrated impressive reason-
ing capabilities on numerous zero-shot tasks, which makes
it possible to build LFM-based tool agents for real-world
tasks. Mainstream approaches include in-context learn-
ing [3, 9, 22, 37, 42, 45, 46] and instruction fine-tuning [10,
28, 30, 33, 38]. However, these agents still face challenges
in real-world applications. Additionally, recent advance-
ments in web navigation agents [14, 16, 17, 23, 41, 43, 48]
have primarily focused on GUI-based interactions, often de-
signed as browser plugins, but their applicability is limited
to web-based tasks. In contrast, our ToolEngine extends to
a broader range of real-world scenarios.

2.3. Other VQA Datasets
Visual Question Answering (VQA) is one of the most
fundamental tasks in multimodal learning. Early VQA
datasets [2, 5, 13, 18, 20, 34, 49] primarily focus on sim-
ple commonsense question-answering, which typically con-
sists of tasks that humans can easily solve. Recently, some
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Dataset
Number

of Samples
Number
of Tools

Mutlimodal
Inputs?

Real-World
S/Q Setting?

Evaluable
Answers?

Reasoning
Complexity↑

ToolBench [30] 126.5K 3451 ✗ - / ✗ ✗ 1.43
ToolQA [50] 1.5K 13 ✗ - / ✓ ✓ 1.35

Infoseek [4] 1.3M 1 ✓ ✓/ ✓ ✓ 1.13
VPD [10]∗ 310.5K 4 ✓ ✓/ ✓ - -
M&m’s [24] 1.6K 33 ✓ ✓/ ✗ ✗ 1.63
GAIA [27]† 0.5K - ✓ ✓/ ✓ ✓ 2.61
GTA [39] 0.2K 14 ✓ ✗/ ✓ ✓ 1.86
MM-Traj [8]‡ 20K 9 ✓ ✗/ ✓ ✗ 1.77

ToolVQA (Ours) 23.7K 10 ✓ ✓/ ✓ ✓ 2.38

Table 1. Comparison between ToolVQA and other datasets. Real-World S/Q Setting: whether each sample in the dataset involves: (1)
Scenario—utilizes real rather than synthetic multimodal inputs; (2) Query—implicitly embeds tool usage and reasoning within the query.
Reasoning Complexity: the average reasoning depth of humans for each task. VPD∗ constructs trajectories from existing QA pairs and is
not publicly accessible. GAIA†’s each sample corresponds to a distinct set of human-annotated tools. ‡MM-Traj generates over-simplified
PDF files as multimodal contexts, and their answers are long-form texts that have not been verified for correctness.

studies [1, 4, 10, 26, 36] begin exploring more challenging
forms of VQA, which require various tools like Wikipedia,
OCR, Object Detection, etc. However, these datasets
typically only evaluate LFM’s ability to use one specific
tool instead of collaboration between multiple tools, lim-
iting LFM’s multi-step reasoning ability within a tool-agent
framework. In contrast, ToolVQA contains high-quality
and diverse multi-step tool usage traces. It encompasses 10
multimodal tools across 7 diverse domains, with an average
inference length of 2.78 reasoning steps per sample.

3. Data Collection

3.1. Task Formulation

Tool-use VQA Task. Given the image scenario I, the
toolset T , and the user query Q, a tool agent is required
to provide an answer to the query A and the tool-use trajec-
tory P = [(ti, ai)]

n
i=1, in which ti ∈ T represents the tool

used in step i and ai represents the calling arguments for ti.
Consequently, each sample is a five-tuple (I, T ,Q,A,P).

Toolset and Image Source. We collect 10 tools with vari-
ous functions as our toolset, including (1) Perception: Im-
ageCaption, OCR, ObjectDetection, and RegionDescrip-
tion. (2) Operation: DrawBox, GoogleSearch. (3) Logic:
Calculator, Plot, ItemCount. (4) Creativity: TextToImage.
These tools cover a wide range of real-world tasks and
offer strong generalization capabilities (e.g. GoogleSearch
can retrieve any external knowledge). The different sources
of image I and the corresponding toolset T are shown
in Fig. 2. These sources are diverse and complex, includ-
ing real-world photography, e-commerce products, school
exam charts, and other practical scenarios.
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ImageCaption OCR ObjectDetection

GoogleSearchPlot

TextToImageCalculator

ItemCountRegionDescription DrawBox

Toolset

Figure 2. Image sources and corresponding tools of ToolVQA. We
filter out overly simplistic tables and images from the data sources.

3.2. ToolEngine

We specify the definition of our real-world setting into the
following criteria: (1) Align with human users: Each sam-
ple’s scenario I and query Q should align with real-world
user needs. We have filtered out uninformative scenar-
ios I, but it remains necessary to ensure that the tool-use
queries Q correspond to human demands. (2) Real-world
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Unlabeled Image

Image-guided DFS on Tool Graph 

Query: How many 
years has this 
sport been part of 
the Winter 
Olympics?
Answer: 26

Prior Tool-use Knowledges

Trajectory:

Query: Generate an 
image of all the 
characters from this 
cartoon enjoying a 
meal together.  

Trajectory:

Query: How many 
kilograms of food 
should be prepared 
for this adult animal 
at least per week?

Trajectory:

Query: How thick is 
the ring?

Trajectory:

‘Snowboarding’

‘First included in the 
1998 Winter Olympics ’

‘2024-1998=26’

Human Experts

End

End

Real-world Example Construction LCS-based 
Example Matching

LCS: 2 2 1

Controller
Current trajectory

Figure 3. The pipeline of ToolEngine, contains three core components: Real-world Example Construction, Image-guided DFS on Tool
Graph, and LCS-based Example Matching. Given an input image, we perform DFS on the complete tool graph. At each step, an LFM
controller generates the next tool’s name and arguments, guided by the image, current tool-use trajectory, and matched examples. Once
DFS is complete, the tool-use trajectory is determined, and then used to generate the query and answer.

deployed tools: Real-world tool results are complex distri-
butions with noise, and the model must learn how to deal
with the noise from real results. Some work [27, 28] uses
simulated tool outputs to reduce noise, but we believe this
reduces the realism of the training environment. (3) Multi-
step reasoning: The tool-use trajectory P should involve
multiple steps. Each step in it must have an inherent logical
connection, forming a complete problem-solving trajectory.
It should not include ineffective steps (e.g. apply OCR to
an image without text), or contain non-related tool usage
in a single task (e.g. use “culinary world” and “NVIDIA’s
stock” sequentially, which should be split into two separate
tasks). We propose ToolEngine, an automated data synthe-
sis pipeline that ensures these conditions. Fig. 3 illustrates
the three core components of ToolEngine:

Real-World Example Construction. To better reflect real
user needs, we incorporate human prior tool-use knowl-
edge into the LFM controller through in-context exam-
ples. Human-constructed examples provide prior knowl-
edge about typical tool-use scenarios (e.g. images contain-
ing specific entities may require a search tool, while ta-
bles with multi-digit numbers may necessitate a calcula-
tor). This information is crucial for synthesizing real-world
queries. Therefore, we ask human users to construct a small
set of real-world examples E = {(I, T ,Q,A,P)}. Each

example in this set captures a logically valid trajectory, serv-
ing as prior knowledge for automatic construction. This ap-
proach not only aligns with how humans intuitively asso-
ciate tools but also provides a structured, intuitive founda-
tion for the construction process.
Image-guided DFS on Tool Graph. To construct a multi-
step tool-use trajectory, we employ image-guided Depth-
First Search (DFS) on a tool graph to construct a reasonable
tool-use trajectory for each image. While LFM can directly
generate reasoning sequences, unrealistic tool invocations
often lead to less reliable tool-use trajectories in practice.
Our DFS trajectory involves real tool calls to extract de-
tailed information from the input image, which is then used
to generate challenging question-answer pairs. Specifically,
we utilize the most advanced LFM (ChatGPT-4o-latest), de-
noted as M, as the controller to select the tool at each step
and generate the corresponding arguments. Formally:

ti = M(choices = T , image = I, examples = Ret(E ,Pi−1)))

ai = M(tool = ti, image = I, examples = Ret(E ,Pi)))

LCS-based Example-Matching. We combine the infor-
mation obtained from different tools into a reasonable rea-
soning trajectory to perform multi-step reasoning. Previous
DFS-based methods typically match a fixed group of exam-
ples, which limited their ability to combine sufficient infor-
mation for multi-step reasoning. As illustrated in Fig. 4, we
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Example 1
How many fruits 
are there on the 
table?

Input Image

Example 2
A is $1.2, B is $2.1, 
how much if I buy 
A+B?

Trivial Matching
Q: How many 
apples are on the 
table?
A: 1 

LCS Matching
Q: Apples are $1.2, 
grapes are $2.1, how 
much do these fruits 
cost?
A: 3.3

Figure 4. Comparison between different matching strategies.
When a fixed example limits the diversity of generation, LCS
matching can integrate multiple examples to enhance generation.

propose an example-matching method based on the Longest
Common Subsequence (LCS) algorithm, which enables dy-
namic matching during DFS. This approach better leverages
the information extraction capabilities of diverse examples,
facilitating more effective multi-step reasoning. Specifi-
cally, in step i, the current solution process is denoted as
Pi = [(t1, a1), (t2, a2), · · · , (ti, ai)] and the set of example
solution processes as Pe ∈ E . At each step, we perform
the LCS matching between Pi and each element of Pe, re-
trieving the top-k examples in Pe with the highest matching
degree. Formally:

Ret(E ,Pi) = TopKPe∈E

{
LCS(Pe,Pi)

}
This approach enables us to adaptively match each image
with its most relevant example, while iteratively refining the
match as new information is acquired at each step.
Human Annotations and Analysis. After the data syn-
thesis process, we invite 10 human annotators to filter the
generated data and re-annotate the highest-quality subset,
resulting in 2,550 test samples. The initial synthetic data
is estimated to have a 90.8% accuracy in human validation
on 4k randomly sampled data, which is higher than that
reported in previous synthetic data methods [8, 24]. No-
tably, the ChatGPT-4o-latest model, which we use to gen-
erate questions, demonstrates a low accuracy rate (less than
40%) in solving them. This highlights the effectiveness of
our ToolEngine pipeline in decoupling complex reasoning
into a series of simpler, single-step tasks. While ChatGPT-
4o-latest excels in handling I → P → Q,A process for
straightforward, step-by-step reasoning, it faces challenges
with the more challenging end-to-end I,Q → P → A
reasoning. This observation indicates a clear gap between
LFM’s single-step and multi-step reasoning capabilities.

3.3. Dataset Statistics
Tab. 2 presents the basic statistics of ToolVQA, which en-
compasses various question types (with both text and image
as answers) and complex reasoning processes (with an av-
erage reasoning trajectory length of 2.78 steps). Notably,

ToolVQA’s questions and answers are concisely formulated
(with an average token count of 15.74 for questions and 2.69
for answers). In contrast, previous synthetic datasets [8, 24]
often fail to control answer length, leading to hallucinated
content within the answers, which is detrimental to training.
Fig. 5 demonstrates that our tool frequency aligns with real-
world user needs, reinforcing the real-world setting of our
dataset. Fig. 6 presents the distribution of reasoning trajec-
tory lengths in ToolVQA.

3.4. Ablation on ToolEngine
To verify whether ToolEngine truly improves the quality
of synthetic data, we conducted an ablation study on dif-
ferent synthetic methods. We invite 10 users to evaluate
1k randomly sampled data based on four key metrics: (1)
answer correctness (Acc.); (2) correlation (Cor.): whether
each sample’s image content and Q-A pair are aligned; (3)
tool redundancy (Nec.): whether each tool call is neces-
sary for obtaining the answer; and (4) reasoning complexity
(R.C.): the average reasoning depth for each task (same as
defined in Tab. 1). The results, presented in Tab. 3, show
that Real-World Example and LCS matching significantly
improved Acc., Nec., and R.C., which highlights their role
in the DFS-based simulation of reasoning chains: (1) Real-
World Example and LCS matching introduce prior knowl-
edge aligned with image content, enhancing both answer
accuracy and tool necessity. (2) Real-World Example and
LCS matching incorporate different types of knowledge at
each step, increasing the reasoning complexity. Further-
more, the absence of LCS matching has a significant impact
on data quality (e.g. Acc. dropped from 90.8 to 41.6), indi-
cating that a fixed set of examples cannot adapt to different
scenarios. Dynamically matching appropriate examples is
crucial for significantly enhancing the generalization ability
of the synthetic pipeline. However, both methods had a lim-
ited impact on Cor., likely because the existing controller al-
ready effectively captures image content, minimizing errors
caused by misleading examples.

4. Experiments
4.1. Training and Test Settings
Training Objective. In our dataset D, for each datapoint
E = (I, T ,Q,A,P) contains n rounds of dialogue (n − 1
rounds for tool usage and one round for final answer), we
train our tool agent using cross-entropy loss:

L = EE∼D

[
1

n

n∑
i=1

− log p
(
ti, ai, ri | I, T ,Q,Pi−1

)]

Training Setting. We divide ToolVQA into training and
test sets: the training set consists of 21,105 automati-
cally generated samples (with a human verification accu-
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Statistics Number

Samples 23655
Tool Calls 65785
Text answers 15806
Image answers 7849
Query length 15.74
Answer length 2.69
Trajectory length 2.78

Table 2. Basic statistics.
Figure 5. Tool frequency.

Figure 6. Trajectory length distribution.

Method Acc.↑ Cor. ↑ Nec. ↑ R.C. ↑

ToolEngine 90.8 85.2 87.51 2.38

-w/o Example + LCS 27.3 77.6 21.04 1.1
-w/o LCS 41.6 81.4 54.26 1.61

Table 3. Ablation study on different synthetic methods.

racy of 90.8%), while the test set contains 2,550 human-
reannotated samples. We fine-tune LLaVA-7B [21] in the
Lego Agent framework [15].
Test Setting. We apply two test modes: end-to-end and
step-by-step modes, to comprehensively evaluate LFMs’
performance under different settings. The end-to-end mode
only focuses on the end-to-end VQA ability of LFMs. For-
mally, we evaluate the I + Q → A process. The step-by-
step mode focuses on evaluating LM’s tool-usage capabili-
ties, formally the I+Q+Pi → Pi+1 process. We use four
metrics [39]: (1) InstAcc (Inst.): the percentage of steps ex-
ecuted without errors; (2) ToolAcc (Tool.): the accuracy of
tool selection; (3) ArgAcc (Arg.): the accuracy of tool’s ar-
gument name prediction, and (4) SummAcc (Summ.): the
accuracy of final answer’s summary. Previous work has
focused on the research of large language model (LLM)-
based tool agents while ignoring vision-language model
(VLM)-based tool agents and the end-to-end VQA abil-
ities of VLMs. To bridge these gaps, our test involves
three settings: (1) VLM, directly answering questions end-
to-end, formally Q + I → A, (2) VLM+tool, calling
the tool through VLM, formally Q + I + T → P + A,
(3) LLM+tool, calling the tool through LLM, formally
Q+ T → P +A (Note that image information can still be
obtained through tools such as caption under this setting).

4.2. Main Results

Scale. As shown in Tab. 4, the tool-use capabilities of
LFMs generally improve with the increase in model param-
eters. For example, Qwen2-7B-instruct surpasses Qwen2-
2B-instruct by 7.03%, and closed-sourced LM (larger than

100B) is generally better than open-sourced (2B,7B). Af-
ter fine-tuning, our 7B model’s performance (last 3 lines) is
close to the large scale LFM GPT-3.5-Turbo. This demon-
strates that fine-tuning significantly enhances the model’s
real-world tool-use capabilities, even in smaller models.
Settings. By comparing the performance of the same model
under different settings (VLM, VLM+tool, and LLM+tool)
in Tab. 4, we identify several interesting observations. (1)
In models such as GPT-4o, Qwen2-7B/2B, and LLaVA-7B,
the VLM+tool setting performs worse than the LLM+tool
setting, suggesting that the visual modules in current LFM
architectures are still ineffective at guiding tool usage. (2)
For models including GPT-4o, Claude-3.5, LLaVA-7B, and
Qwen2-2B, we find that VLM+tool underperforms VLM
alone. This indicates that the noise introduced by tool us-
age can outweigh the benefits brought by the tools. How-
ever, the tuned LLaVA model demonstrates a clear progres-
sion: VLM < LLM+tool < VLM+tool, suggesting that
fine-tuning can indeed enhance the model’s ability to make
effective use of tools while suppressing tool-induced noise.
Nevertheless, the similar performance of the LLM+tool and
VLM+tool settings implies that the visual module’s poten-
tial in facilitating tool use has not yet been fully explored.
Bottlenecks. The last two rows of Tab. 4 indicate that
the performance of fine-tuned models is often constrained
by their weakest capabilities, which are typically argument
prediction and answer summarization. While fine-tuning
significantly improves instruction formatting and tool selec-
tion, it makes little progress in weaker capabilities. Specif-
ically, instruction formatting and tool selection can be ac-
complished through memorizing patterns, as the number of
reasonable tool invocation types in real-world scenarios is
limited. However, argument prediction and answer sum-
marization require the model to genuinely understand the
new information returned by tools and extract meaningful
responses from it. This information varies across different
scenarios and queries, and even within multi-turn dialogues
of the same scenario. Consequently, a high level of gen-
eralization capability in vision-language joint reasoning is
essential to handle these issues in tool-use tasks.
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Model Setting
End-to-End Mode Step-by-Step Mode

Acc.
(%)

Tool Call
(Times)

Tool Error
(Times)

Inst.
(%)

Tool.
(%)

Arg.
(%)

Summ.
(%)

Closed-source LFMs
ChatGPT-4o-latest VLM 38.29 - - - - - -

VLM + tool 34.96 2003 1804 36.5 14.68 8.92 56.1
LLM + tool 37.62 4687 1962 73.02 41.12 25.27 65.45

Claude-3-5-sonnet VLM 30.33 - - - - - -
VLM + tool 30.52 585 524 45.71 16.94 7.36 46.06
LLM + tool 24.48 1834 672 66.83 39.29 13.98 75.52

GPT-3.5-Turbo LLM + tool 18.37 3178 1321 73.24 30.46 20.08 58.18

Open-source LFMs
Qwen2-VL-7B-Instruct VLM 3.64 - - - - - -

VLM + tool 5.86 1373 1051 35.12 9.02 1.09 38.18
LLM + tool 6.78 1366 1089 39.46 11.2 3.55 44.85

Qwen2-7B-Instruct LLM + tool 11.53 1773 703 63.1 24.45 8.2 69.7
LLaVA-v1.5-7B VLM 8.57 - - - - - -

VLM + tool 1.17 9684 9684 16.39 9.43 0 0.01
LLM + tool 1.66 10421 10421 9.25 15.03 0 11.52

LLaMA-3-8b-instruct LLM + tool 4.93 6607 6542 51.63 14.13 0.53 41.99

Qwen2-VL-2B-Instruct VLM 7.71 - - - - - -
VLM + tool 2.1 4067 3915 47.16 12.7 0.41 21.82
LLM + tool 2.22 6892 6655 36.34 10.52 0.68 32.12

Qwen2-1.5B-Instruct LLM + tool 4.5 7933 6141 50.95 21.45 4.51 44.24

Tuned LLaVA-7B (Ours) VLM 7.21 - - - - - -
VLM + tool 18.8 4311 617 86.62 61.61 39.34 30.91
LLM + tool 18.43 4462 680 87.51 62.3 40.57 26.67

Table 4. Results on ToolVQA’s test set.

4.3. Out-of-Distribution Benchmarks

To test the generalization capability of our tuned model,
we conduct experiments on out-of-distribution (OOD)
benchmarks including (1) Seen tools, unseen queries:
TextVQA [36], TallyQA [1], InfoSeek [4]; and (2) Unseen
tools: GTA [39], TEMPLAMA [6]. The results are shown
in the Tab. 5. Our fine-tuned model significantly outper-
forms the baseline model LLaVA-7B by 5.8%, 4.2%, 8.6%,
21.17%, and 18.37% accuracy on these datasets, showing
excellent generalizability. Its performance also surpasses
the large closed-source model GPT-3.5-Turbo on unseen
queries. However, its performance on TEMPLAMA is infe-
rior to GPT-3.5-Turbo, possibly because GPT encountered
similar data during its training (due to its great coverage of
extensive training data), whereas our model had no expo-
sure to such data at all.

4.4. Few-shot In-context Learning

Few-shot in-context learning (ICL) has become a common
and important technique in tool-use tasks. However, prior
model fine-tuning work often overlooks evaluating the ICL
capabilities of fine-tuned models. We believe that fine-

tuning and ICL can be complementary, offering significant
potential for improvement. Tab. 6 shows few-shot ICL
performance on ToolVQA. GPT-4o steadily improves with
more shots, while GPT-3.5 and LLaVA both show limited
gains and even decline slightly at 10-shot. This may be due
to long contexts impairing the LLM’s ability to interpret
precise tool-use instructions. Fine-tuned LLaVA outper-
forms the baseline and continues to benefit from ICL. These
results suggest that (1) compared to fine-tuning, ICL’s im-
provement is limited and affected by context lengths, and
(2) fine-tuned models can still benefit from ICL, highlight-
ing the complementary value of these two approaches in
enhancing tool-use performance.

4.5. Ablation Study
To further evaluate the quality of the fine-tuning data from
multiple perspectives, we conduct an ablation study of the
different training strategies. As shown in Tab. 7, remov-
ing the ImageCaption tool significantly degrades both accu-
racy and parameter correctness. This highlights the model’s
reliance on high-quality captions for initial scene under-
standing, likely due to its limited inherent visual capabil-
ity for fine-grained information extraction. When all tools
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Model TextVQA [36] TallyQA [1] InfoSeek [4] GTA [39] TEMPLAMA [6]

GPT-3.5-Turbo 36.3 61 11.3 23.62 33.67
LLaVA-7B 41.2 60.1 5.2 12.12 3.06
Tuned LLaVA-7B 47 64.3 13.8 33.29 21.43

Table 5. Results on OOD benchmarks.

Model Zero-shot 1-shot 5-shot 10-shot

GPT-4o 34.96 37.20 38.41 38.63
GPT-3.5-Turbo 18.37 19.83 20.40 19.04
LLaVA-7B 1.17 3.45 4.27 3.67
Tuned LLaVA-7B 18.80 19.41 21.13 20.69

Table 6. Few-shot performance on ToolVQA.

Model Setting Acc. Tool Call Tool Error

Tuned LLaVA-7B VLM + tool 18.8 4311 617

-w/o Caption VLM + tool 11.1 1861 192
-w/o P VLM 8.01 - -
-w/o P + I LLM 0.18 - -

Table 7. Ablation study on training methods.

Q: Based on typical 
behavior, How many 
pounds of food 
should this animal 
consume in a day in 
average?

GT Answer: 25

Predicted Answer: 1,300
(Misinterpreting the 
meaning of numbers)

Q: Based on typical 
behavior, what is the 
approximate age 
range of the animal 
lying down in this 
image?

GT Search: ‘At what age do 
foals lying…’

Error Search: ‘why do foals 
lying …’
(Missing keyword ‘age’)

The image shows a 
farm setting with a 
large brown horse 
grazing on the green 
grass while a foal is 
lying down nearby.

Cows that weigh 
average 1,300 pounds 
will consume about 25 
pounds of foods each 
day.

Argument
Prediction

Error

41%

47%

Answer
Summary

Error

Others

12%

Figure 7. Visualization of the main error types made by tuned LLaVA.

are removed and ToolVQA is reduced to a single-hop VQA
model, performance drops substantially, underscoring the
necessity of multi-step tool usage. In the absence of both
tools and images, performance approaches zero, indicating
that the model is heavily dependent on visual input when
answering questions in ToolVQA.

4.6. Error Analysis
In Fig. 7, we randomly select 100 errors made by tuned
LLaVA, and manually count and classify the main error
types. The two main error types are: (1) Argument predic-
tion error, for example, missing essential keywords “age”
during a search. (2) Answer summary error, for example,
extracting incorrect information “1,300” from tool outputs.
The common cause of these errors is the model’s failure to
recognize key terms (e.g. “age” and “pound”) in the tool
outputs, even though this should not be a challenging task
for a language model. This suggests that the model still
struggles with dynamically adapting to additional informa-
tion provided by tools. Since multi-step reasoning often suf-
fers from error accumulation (early errors propagate to sub-

sequent steps), errors in processing tool results at any step
will affect the results. Fine-tuning has limited improvement
on the capability for dynamically processing tool results,
but ToolVQA still provides a valuable benchmark for eval-
uating this capability.

5. Conclusion

We present ToolVQA, a large multimodal dataset for real-
world tool-augmented reasoning. Using our ToolEngine
pipeline, we generate 23K real-world samples with im-
plicit multi-step reasoning over 10 tools and 7 domains.
This dataset challenges existing models beyond synthetic
settings and better reflects real user needs. Experiments
show that LLaVA-7B fine-tuned on ToolVQA not only ex-
cels on the in-domain test set but also outperforms GPT-
3.5-turbo on five OOD benchmarks, establishing a new
state-of-the-art for open-source models in complex tool-use
VQA. ToolVQA serves as both a benchmark and a train-
ing ground for developing more capable, generalizable tool-
using agents.
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