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Abstract

Multimodal Instruction Following serves as a fundamental
capability of multimodal language models, involving accu-
rate comprehension and execution of user-provided instruc-
tions. However, existing multimodal instruction-following
datasets and benchmarks face the shortcomings outlined be-
low: (a) Lack of Difficulty Stratification, they collect diverse
instruction categories but neglect the stratification of diffi-
culty levels across these categories, which leads to over-
lap, bias, and low interpretability. (b) Lack of Fine-Grained
Metrics, they conflate the model’s ability to “solve tasks”
and “follow constraints” into a single metric, which fails
to accurately reflect its instruction-following capability. (c)
Lack of Multi-Task Instructions, they overlook the fact that
real-world user instructions often consist of multiple com-
bined tasks. This paper proposes MMIFEvol, a framework
for multimodal instruction evolving and benchmarking. First,
we define the essential components of a carefully curated
multimodal instruction set and establish corresponding dif-
ficulty levels, based on which we synthesize diverse instruc-
tion data. Next, we decouple the evaluation criteria for the
instruction following into three different metrics to construct
a high-quality benchmark and assess existing models. Exper-
imental results demonstrate that current models still struggle
with following complex instructions, while fine-tuning using
MMIFEvol data effectively improves models’ responsiveness
to multimodal instructions.

Introduction

Research on Multimodal Large Language Models
(MLLMs) (Wu et al. 2023; Bai et al. 2024) has achieved
remarkable performance in image understanding (Li et al.
2024a), image-based text generation (Dong et al. 2023),
and visual reasoning (Xu et al. 2024) by constructing
multimodal instructions and performing instruction tuning
(Liu et al. 2023). Instruction Following (IF) refers to a
model’s ability to understand visual input and solve specific
tasks as required (Su et al. 2023; Ren et al. 2025), which
is crucial for advanced MLLMs, from chatbots to practical
productivity tools for real-world applications (Lei et al.
2024). For example, in an OCR scenario (Chen et al.
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Figure 1: Multimodal instructions consist of input, task, and
constraint. However, existing benchmarks fail to systemat-
ically categorize the difficulty of tasks and constraints, also
do not distinguish between “solving tasks” and “following
constraints”, and overlook the complex instruction with mul-
tiple tasks and constraints.
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2025), when a user instructs the MLLM to parse the
text in the image and return it in JSON

format, a precise IF requires the MLLM not only to
accurately recognize the text but also to correctly return for-
matted content (e.g. { ’content’: ’text’ })rather
than free-form text, ensuring seamless integration with
the user’s downstream applications. Consequently, with
the rapid advancement of MLLM capabilities, evaluating
and improving models’ multimodal instruction-following



abilities has become a critical research imperative.

Existing benchmarks for multimodal instruction follow-
ing remains in its infancy, which can be categorized into
two main types: (a) Task-Centric methods (Bitton et al.
2023; Yang et al. 2025), which select diverse visual tasks
from multimodal pre-training datasets and rewrite them us-
ing advanced models such as GPT-4o (Hurst et al. 2024);
and (b) Constraint-Centric methods (Qian et al. 2024; Ding
et al. 2025), which predefine multiple types of constraints
and rewrite instructions by matching and integrating task-
relevant constraints. However, these multimodal instruction-
following evaluations exhibit limitations, as illustrated in
Figure 1:

* Lack of Difficulty Stratification. Existing benchmarks
collect several categories of multimodal tasks or con-
straints for dataset construction, but fail to account for
the hierarchical difficulty levels among these categories
during evaluation. This oversight leads to issues of over-
lap, bias, and diminished interpretability. In contrast,
evaluations with well-defined difficulty stratification can
more precisely identify a model’s capability boundaries,
thereby enabling targeted supplementation of training
data to enhance specific model competencies in a focused
manner.

Lack of Fine-Grained Metrics. Existing benchmarks
tend to conflate the model’s ability to “solve tasks” and
“follow constraints” into a single metric, which fails to
accurately reflect its instruction-following capability. In
practice, MLLMs may be capable of solving specific vi-
sual tasks but struggle with adhering to associated con-
straints.

Lack of Multi-Task Instructions. Existing benchmarks
typically construct instructions with single-task, yet have
not explored real-world scenarios involving multiple
tasks and multiple constraints. In practice, models may
perform well on individual tasks but struggle with com-
posite instructions involving multiple tasks.

To construct high-quality multimodal instruction follow-
ing benchmark and accurately evaluate the IF abilities
of existing MLLMs, we propose Multi-Modal Instruction
Following Evolution, a framework for multimodal instruc-
tion evolving and multimodal IF evaluation, as depicted in
Figure 2. Specifically, we decouple multimodal instructions
into three core components: input, task, and constraint. For
input, we apply clarity-based and content-based filtering to
image sources, retaining images rich in semantic informa-
tion. For task, building on principles from cognitive sci-
ence, we establish the first difficulty stratification of mul-
timodal capabilities and develop a diverse visual task pool
based on this taxonomy. For constraint, extending concepts
from textual instruction following, we construct a structured
constraint hierarchy and corresponding constraint pool, in-
corporating cross-modal constraints specific to multimodal
settings. Utilizing well-defined difficulty stratification, we
leverage powerful MLLMs to automatically generate tasks
and constraints based on image content, thereby enhancing
the interpretability of instruction generation and evolution.
Furthermore, we integrate complex instructions involving
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multiple tasks and constraints, while employing automated
quality control to filter out low-difficulty synthetic instruc-
tions. Finally, we formulate three fine-grained metrics: accu-
racy (A), following (F), and preference (P), to holistically
evaluate multimodal IF performance in both open-source
and closed-source models. Experimental results demonstrate
that:

a) MLLMs exhibit notable deficiencies in handling tasks
and constraints at specific difficulty levels. For the
same task, the model may generate hallucinations due
to changes in constraints; some models also demonstrate
difficulties in adhering to certain types of constraints.
This substantiates the necessity of hierarchical difficulty-
based evaluation.

b) The models’ ability in task-solving is not equivalent

to their ability in constraint-following.. Previous eval-

uations have not sufficiently decoupled these two aspects,
resulting in a potentially biased or incomplete assessment
of model capabilities.

¢) The models exhibit poor performance when faced

with complex instructions involving multi-tasks and

multi-constraints. As the number of tasks and con-
straints increases, the model performance on complex in-
structions decreases.

Our contributions can be summarized as follows:

* We propose MMIFEvol, a framework for multimodal in-
struction evolving and evaluation of multimodal instruc-
tion following. Based on cognitive science, we come up
with the first difficulty stratification of multimodal capa-
bilities and evolve diverse and challenging multimodal
instructions accordingly.

We establish three fine-grained evaluation metrics for
multimodal instruction following, construct a high-
quality benchmark, and assess mainstream MLLMs. Ex-
perimental results reveal an inconsistency between mod-
els’ “task-solving” and “constraint-following™ abilities, a
critical aspect overlooked in prior evaluations, and exist-
ing models still struggle with following complex instruc-
tions.

We further fine-tune models using instructions synthe-
sized by MMIFEvol, observing significant performance
improvements on both our benchmark and other multi-
modal instruction-following benchmarks. This validates
the effectiveness of our instruction evolution and evalua-
tion methodology.

Related Work
Multimodal Instruction Generation

LLaVA (Liu et al. 2023) enhances the visual understand-
ing capabilities of multimodal language models by uti-
lizing LLaVA-Instruct, a dataset annotated by advanced
LLMs. ALLaVA (Chen et al. 2024) enhances diversity by
manually crafting and rewriting instruction data. MMIn-
struct (Liu et al. 2024) leverages advanced MLLMs to
automatically generate instruction data, thereby improv-
ing the efficiency of data synthesis. MMEvol (Luo et al.
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Figure 2: The framework of our benchmark design contains five stages for evolving and evaluating multimodal instructions, an
evaluation dataset covering five levels of task and five levels of constraint, and three fine-grained evaluation criteria.

Benchmark \ Format Taxonomy Complexity Metric Granularity
VisIT-Bench VQA None 1 Task Task-Accuracy
MM-InstructEval | Multiple Chioce 6 Task Categories 1 Task Task-Accuracy
MIA-Bench Freeform 8 Constraint Categories 1 Task + n Constraints  Constraint-Following
MMIF-Eval Freeform 6 Constraint Categories 1 Task + n Constraints  Constraint-Following
MMIFEvol ‘ Freeform 25 Task x Constraint Levels n Tasks + n Constraints A, F, P

Table 1: Comparison of existing multimodal instruction following benchmarks.

2024) evolves the LLaVA-Pretrain-595K dataset along three
dimensions—fine-grained perception, cognitive reasoning,
and interaction—thus increasing the difficulty of the instruc-
tions. Oasis (Zhang et al. 2025) enables automatic and di-
verse multi-modal instruction data generation from single
image, significantly improving MLLM performance without
requiring manual annotation.

Multimodal Instruction Following Benchmark

The evaluation of instruction following in multimodal set-
tings has emerged as a recent research focus. As an early
research, VisIT-Bench (Bitton et al. 2023) constructed 592
challenging visual instructions, with responses generated
by GPT-4 based on image captions and subsequently veri-
fied by human experts. MM-InstructEval (Yang et al. 2025)
perform extensive zero-shot evaluations that include 6 dis-
tinct tasks using 10 different instruction templates. MIA-
Bench (Qian et al. 2024) starts with eight predefined in-
struction categories, rewrites the seed instructions, and uses
a fine-grained model-based evaluation framework to assess
the degree to which various constraints within the instruc-
tions are followed. MM-IFEval (Ding et al. 2025) designs
both Compose-Level and Perception-Level questions to con-
struct a diverse set of visual instructions. Compared to exist-
ing benchmarks, our evaluation demonstrates advancements
in the taxonomy of instruction synthesis, the granularity of
evaluation metrics, and the complexity of instructions, as
shown in Table 1.
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Method

We propose MMIFEvol, a framework designed to evolve in-
structions of varying difficulty levels from a single image,
as illustrated in Figure 2. The entire framework consists of
five stages: (1) Image Selection, which aims to obtain high-
quality images rich in semantic information; (2) Task Evo-
lution, where visual tasks with clear difficulty stratifications
are generated based on the image content; (3) Constraint
Evolution, which adds constraints to the image-task pairs
to modulate the difficulty; (4) Multi-Task Instruction Inte-
gration, in which multiple task-constraint pairs are rewritten
into one complex instruction; and (5) Evaluation, in which
scoring LLMs are employed to assess the quality and pre-
cision of model responses across three fine-grained metrics:
accuracy, following, and preference.

Image Selection

Images in complex multimodal instructions typically con-
tain rich visual information. Therefore, considering the sub-
sequent instruction evolution process, we filter images from
two perspectives: clarity and complexity, aiming to obtain a
high-quality image set. We prioritize real-world images (e.g.
Microsoft COCO (Lin et al. 2014)) due to their rich seman-
tic entities, logical relationships, and cultural contexts. This
enables models to more freely generate diverse tasks and
provides ample space for creation in subsequent instruction
evolution processes.

Specifically, given the original image set I, the category
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Figure 3: Criteria for Task Evolution. Analogous to the
human visual processing pathway (visual cortex — angular
gyrus — Wernicke’s area), we define five levels of task with
progressively increasing difficulty and construct correspond-
ing task pools. By prompting the model to complete tasks
based on image content and task templates, we synthesize
preliminary instruction data with clearly defined levels of
difficulty.

set C, and the target category ¢, for each image i € fc, we
compute its sharp score and complexity score based on the
Tenengrad (Tenenbaum 1971) sharpness and the pre-trained
scoring model IC9600 (Feng et al. 2022) :

S,(i) = % > (Galw, )’ + Gylx,y)?)

(z,y)

Se(i) = frcosoo(t)
where G and G are the horizontal and vertical gradients
calculated by the Sobel operator on the grayscale image. The
effectiveness of these two methods in analyzing the clarity
and complexity of images has been widely verified. Subse-
quently, we calculate the total image quality, then sort and
filter the images with a ratio of p:

S(i) = aSs(3) + BSc(7)
I.={i|S() > S;,iel}
where S is the score of the first [n - p| image after sorting
all the images in category ¢ from high to low by S(z). Ulti-
mately, by integrating various types of images, an image set

I =, cc 1. is obtained for the subsequent evolution of the
instruction.

Task Evolution

To evaluate MLLMs’ instruction-following capabilities and
conduct targeted capability diagnostics, it is necessary to de-
fine and categorize the tasks involved in multimodal instruc-
tion following. Drawing on the structure of the human brain
(Grill-Spector and Malach 2004; Raichle and Mintun 2006)
and the framework of human cognitive abilities (Forehand
2010) , we propose a hierarchical five-level categorization of
multimodal capabilities, with corresponding tasks designed
for each level, as illustrated in Figure 3. This hierarchy pro-
gresses from the matching of basic semantic entities and
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Difficulty | Category | Constraint Case

Level 1 | Content | Answer [“Yes”] or [“No”].
Level2 | Format | Reply within [json] format.
Level3 | Count | Reply within 3 words or less.
Level 4 | Situation | Focus on [0.55,0.25,0.85,0.35].
Level 5 | Style | Answer in a [humorous] tone.

Table 2: Criteria for Constraint Evolution

the recognition of physical attributes to higher-level seman-
tic understanding, logical reasoning, and creativity. Guided
by this classification system, we have designed a compre-
hensive task pool for each level. This approach reduces in-
tercategory overlap and imbalance in data distribution and
enhances the interpretability of evaluation results.

Based on this criterion, we use the closed-source GPT-40
model (Hurst et al. 2024) to generate tasks according to the
content of the image. Specifically, for an image 7 € I and
task difficulty d € {1,2,3,4,5}, we collect task templates
from the level-d task pool and prompt the model to select
the most suitable template for instantiation based on image
content. The diverse task templates defined by experts pre-
vent the model from generating homogeneous instructions,
while image-based instantiation ensures the uniqueness of
each instruction. Furthermore, to increase the difficulty of
the tasks and ensure the robustness of the evaluation, we
prompt GPT, with probability p, to generate questions that
include semantic entities not present in the image, in order
to observe possible hallucinations exhibited by the model
to be evaluated. In conclusion, for each image, we con-
struct a set of tasks with explicit difficulty levels, denoted

T= {t[i7 d]}iel,de{1,2,3,4,5}-

Constraint Evolution

Similarly to task evolution, in order to evaluate the ability
of visual models to follow various types of constraints, we
generate constraints with explicit difficulty levels for each
task. The categorization of constraints in language model in-
structions has been extensively studied in the field of natural
language processing. Therefore, we adopt the definition of
constraint categories from FollowBench (Jiang et al. 2023) -
whose validity has been widely verified and design a corre-
sponding constraint pool based on this definition, as shown
in Table 2. The difficulty of following constraints increases
progressively, ranging from content, format, and quantity
constraints, which are relatively easy to execute and verify,
to more abstract and higher-order constraints, such as state
and style. Considering the unique characteristics of multi-
modal instructions compared to text-only instructions, we
incorporate several multimodal-specific constraints into the
pool, such as requiring the model to focus on specific regions
(grounding boxes) within the image.

We employ GPT-40 to perform the instruction evolv-
ing for this stage. Specifically, for the set of tasks 7', we
prompt the model to rewrite the original tasks according
to the definitions and the constraint pool: I,[i,d;,d.] =



LLM(t[i,d;],P) , where P is the prompt template, d; and d,.
respectively represent the difficulty levels corresponding to
task and constraint. As a result, we generate the correspond-
ing instruction data for each image, each difficulty level of
the task, and each difficulty level of the constraint.

Multi-Task Instruction Integration

In real-world scenarios, user instructions are often com-
plex and can simultaneously involve multiple tasks and con-
straints, a characteristic that has been overlooked in previ-
ous evaluations. Compared to simple instructions containing
only a single task and constraint, complex instructions im-
pose higher demands on a model’s contextual understand-
ing, memory, and execution capabilities. Therefore, we ex-
tend the constructed single-task instruction set I to a com-
plex multi-task instruction set I,,,, in which multiple tasks
and constraints are combined. Specifically, for each image ¢
and its corresponding atomic instruction I[i, d;, d.] (where
each atomic instruction consists of a task and a constraint),
the complex instruction can be formulated as follows:

Lil=  |J  Lli.dd
de{1,2,3,4,5}

Furthermore, to automatically ensure the quality of syn-
thetic instructions, we evaluated the Visual Instruction Fol-
lowing Difficulty (VIFD) (Li et al. 2023) of the instructions

based on Qwen2.5-VL-3B ((Bai et al. 2025)):
XN
VIFD(Q) = exp <N t:zl log >

P(at | a<taI7Q)
_ Perplexity of Answer given Image & Query

Perplexity of Answer given Image

and filter out instructions with low VIFD scores to guarantee
the difficulty of the final instructions set.

Evaluation System

Existing research on instruction following (Bitton et al.
2023; Qian et al. 2024; Yang et al. 2025) typically focuses
solely on the correctness of the model’s response, without
decoupling “solving task” from “following constraint”. Con-
flating these two aspects leads to limitations in evaluating
the instruction-following capabilities of multimodal models.
Furthermore, since the ultimate goal of instruction following
is to enhance user experience, users’ subjective preference
of model responses should also be considered as an integral
part of assessing instruction-following performance.

Taking these factors into account, we designed three fine-
grained metrics for MMIFEvol:

e Accuracy (A): Does the model correctly answer the
question specified in the instruction? In this metric, we
disregard the format, language, style, and other formal
aspects of the model-generated content, focusing solely
on whether the model correctly addresses the query spec-
ified in the instruction. We define four tiers (0, 25, 75,
100) representing the extent to which the model accu-
rately accomplishes the task. Since the correctness of
level 5 tasks (creation) is inherently challenging to evalu-
ate, we exclude them from the calculation of this metric.
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» Following (F): Does the model accurately adhere to the
constraints and limitations outlined in the instruction? In
this metric, we disregard the correctness of the model’s
response to the query in the instruction, focusing instead
on whether the model strictly adheres to the specified
constraints regarding format, quantity, style, etc. We de-
fine four levels (0, 25, 75, 100) to represent the degree to
which the model follows the constraints.

* Preference (P): Compared to the Ground Truth, is the
model’s response better or worse? The evaluations of A
and F have objective ground truth, but in actual user in-
teraction, users’ subjective feelings are also an important
part of the response effect of instructions. Therefore, af-
ter two objective metrics, we add a subjective evaluation
metric, P, which represents the win rate of the model-
generated response (0 or 100). We defined preference
from three perspectives: completeness, fluency and tone.

Multi-task instruction metrics are computed as the aver-
age of constituent single-task scores. To achieve accurate
and fine-grained evaluation, two key elements must be ad-
dressed: generating correct ground truth for instructions and
correctly calculating metrics.

* For ground truth generation, GPT-40 (Hurst et al. 2024)
produces preliminary answers, which are then verified by
other leading vision-capable models, Seed1.5-VL (Guo
et al. 2025) and Qwen2.5-VL-72B (Bai et al. 2025) -
through consistency voting to mitigate potential halluci-
nations or instruction-following errors.

For metrics, considering cost, consistency, and robust-
ness in instruction following, we employ CompassJudger
(Cao et al. 2024) as a scoring model, a specialized LLM
trained for comparative evaluation. Guided by few-shot
and chain-of-thought prompting, this judger achieves
high consistency with human annotation in evaluating in-
struction following.

Experiment
Experimental Setup

We evaluated seven main multimodal large language models
that have demonstrated outstanding performance on other
benchmarks (Team et al. 2023; Grattafiori et al. 2024; Li
et al. 2024a,b; Team et al. 2025; Bai et al. 2025; Zhu et al.
2025) . Both inference and fine-tuning were conducted using
the MS-Swift (Zhao et al. 2025) framework, all experiments
were performed on workstations equipped with 8§ x A800
GPUs.

Results

RQ1 What’s the overall performance of existing
MLLMs in multimodal instruction following? As shown
in Table 4 , Gemini surpasses mainstream open-source mod-
els across all three metrics (A, F, P), demonstrating its su-
perior visual understanding and instruction-following capa-
bilities. Notably, Gemini exhibits the most significant advan-
tage in Preference, while showing a relatively smaller gap
with the top-performing open-source model InternVL3 in



Model | Accuracy (A)

Following (F) Preference (P)

| TL T2 T3 T4 | TI

T2

T3 T4 T2 T3 T4 T5

Close-Source MLLMs

Gemini2.0-Flash

Open-Source MLLMs

LLaVA-NeXT-7B

Qwen2.5-VL-7B

InternVL3-8B

Table 3: The performance of MLLMs in responding to single instructions formed by combinations of tasks (T1-T5) and con-
straints (C1-C5). Accuracy reflects the model’s ability to correctly solve the problem posed in the instruction, Following
indicates the extent to which the model adheres to the constraints specified in the instruction, and Preference represents users’
subjective evaluation of the model’s response. Higher values and more vivid colors in the table represent stronger model per-

formance on instructions of corresponding difficulty levels.

Model Single-Task Inst. Multi-Task Inst.
A F P | A F P
LLaVA-NeXT-7B 585 63.6 267|589 618 4.1
Llama-3.2-11B-Vision | 54.7 61.8 22.1 | 54.1 474 63
LLaVA-OneVision-7B | 68.1 68.6 423 | 404 40.0 205
Gemma-3-12B 669 727 471 | 646 399 204
Qwen2.5-VL-7B 69.5 82.8 432 | 587 639 142
InternVL3-8B 719 804 473 | 677 756 29.8
Gemini2.0-Flash 84.5 86.7 753|760 84.7 673

Table 4: The average performance of MLLMs.

Following. Furthermore, all MLLMs demonstrate subopti-
mal performance in Preference, which reflects existing mod-
els’ shortcomings in preference alignment.

RQ2 What conclusions can be drawn from the analy-
sis of the stratified difficulty? Certain models exhibit de-
ficiencies in handling specific difficulty levels of tasks and
constraints, as shown in Table 3. For instance, Gemini un-
derperforms when following C3 constraints, while Qwen
shows notable limitations in solving T2 tasks. We conducted
a further analysis of the failure cases corresponding to per-
formance degradation, as illustrated in Figure 4. Our find-
ings reveal that Qwen exhibits hallucination in recognizing
objects’ quantities, colors, and spatial relationships. Mean-
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while, Gemini demonstrates difficulties in adhering to word-
count-related instructions, frequently generating excessive
content beyond the specified requirements. These findings
underscore the necessity of graded classification for evaluat-
ing multimodal instruction-following capabilities.

RQ3 Are the models’ abilities to “solve tasks” and to
“follow constraints” equivalent to each other? We an-
alyze the correlation between Accuracy and Following of
MLLMs at different task levels as constraint difficulty in-
creases, as illustrated in Figure 5. For instance, Gemini
shows a correlation coefficient of 0.41 between A and F
in Level 1 tasks. While its accuracy remains stable with
increasing constraint difficulty, abnormal patterns emerge
in constraint compliance. Notably, LIaVA-NeXT exhibits
a negative correlation between A and F in Level 2 tasks.
These findings further validate the necessity of our separate
evaluation framework for Accuracy and Following.

RQ4 How do models perform when handling multi-
modal instructions involving multiple tasks and con-
straints? We investigate the performance of the model in
processing instructions with multiple tasks and constraints,
as demonstrated in Table 4. As the number of tasks and con-
straints increases, the model shows a performance degrada-
tion in all three evaluation metrics, with P showing the most
pronounced decline. In contrast, F remains relatively stable,



Model MMIFEvol Single-Task MMIFEvol Multi-Tasks MIA-Bench | MM-IFEval
A F P | A F P | Total Accuracy
LLaVA-NeXT-7B 58.5 63.6 26.7 58.9 61.8 4.1 69.4 36.4
+ Single-Inst. 65.4 169 819183 299 @32 | 64.6 +57)  65.2 (+3.4) 8.3 (+42) 73.5 (+4.0) 36.9 (+0.5)
+ Multi-Inst. 76.2 +17.77  88.9 (+253) 44.0 +173) | 64.6 +57)  T1.6 +98)  28.8 (+24.7) 76.2 (+6.8) 41.5 (+5.1)
Qwen2.5-VL-7B 67.2 67.1 33.2 71.4 72.4 12.2 83.8 42.5
+ Single-Inst. 78.6 +11.4)  93.1 +26.00 50.5 +173) | 74.9 435  73.8 (+1.49) 16.9 (+4.7) 88.3 (+4.5) 43.2 (+0.7)
+ Multi-Inst. 79.7 +125)  95.8 +28.7)  54.8 216) | 81.5x10.1)  92.8 +204)  28.1 (+15.9) 90.7 (+6.9) 45.6 (+3.1)
InternVL3-8B 71.9 80.4 47.3 78.6 85.5 23.1 84.5 44.1
+ Single-Inst. 77.8 459  94.9 +145  52.8 +55 | 80.5+19  85.5w00  24.8 +1.7 87.1 (+26) 45.5 +1.4)
+ Multi-Inst. 80.7 +88)  95.8 (+154)  57.3 (+10.0) 81.5(+2.9) 94.2 (+8.7) 30.4 (+7.3) 93.6 (+9.1) 47.8 +3.7)

Table 5: The performance of the model after SFT under the MMIFEvol synthetic instructions. Additionally, the models demon-
strated improved performance on other multimodal instruction-following benchmarks.

Qwen2.5-VL-7B

Image Instruction Response A F P

How many
0 (100 O
giraffe? 3
Answer in JSON |{ {
. “y . ”,
format’. direction”: “bbox_2d":[1| 0 |100] 0
Where’s the front, 40,123, ..]
truck? } PoTT
}
: . Thi
_’ Describe as Iov:sl;l;s Buses wear
" |fairy tale: What wear vellow blue 0250
color is the bus? v clothes ...
robe ...
Gemini2.0-Flash

Image Instruction Response

Color, 3 words. Bright, warm, |orange vivid anlaaal @
yellow full
(LA Green orange

Color, 5 words. |green, blue, g 75|25 | 0

. yellow red

white

Text, 1 word. Fisketorvet Sl el o|0 |0
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Figure 4: Bad cases that occurred during the evaluation of
Qwen2.5-VL-7B and Gemini2.0-Flash. Qwen demonstrated
hallucination in T2 tasks (physical information recognition),
while Gemini2.0 Flash tended to generate incorrect or re-
dundant content when adhering to C3-type constraints (out-
put length restrictions).

suggesting that the model retains its ability to sequentially
process tasks and adhere to user requirements even under
complex instruction scenarios.

RQ5 Can MMIFEvol improves the instruction-
following ability of MLLM? We distilled 52k instruction
responses from Qwen2.5-VL-72B and performed super-
vised fine-tuning (SFT), as shown in Table 5. Models
after SFT demonstrate significantly enhanced instruction-
following capabilities, while also showing improved
performance on other benchmark tests. We compare
two distillation approaches: single-task instruction and

LLaVA-NeXT-7B -
Llama-3.2-11B-Vision
LLaVA-OneVision-7B
Gemma-3-12B-
Qwen2.5-VL-7B
InternVL3-8B

Gemini2.0-Flash -

Level 1 Level 2 Level 3 Level 4 Level5

Figure 5: The Spearman rank correlation coefficient between
A and F. The model’s ability to “solve tasks” and “follow
constraints” is related, but not exactly consistent.

multi-task instruction distillation. The results indicate that
multi-task instruction data contributes more substantially to
model capability enhancement, underscoring the continued
importance of instruction fine-tuning based on realistic,
complex instructions.

Conclusion

This paper contributes to multimodal instruction following
and benchmarking. We propose MMIFEvol, a framework
that synthesizes and evolves instructions from a single im-
age based on two dimensions: tasks and constraints. In addi-
tion, we design three comprehensive and fine-grained met-
rics to evaluate the capability of mainstream models. Exper-
imental results prove that existing MLLM:s still face chal-
lenges when executing complex instructions. We hope that
this work will inspire future research to decouple task solv-
ing from constraint following and to develop more system-
atic method for multimodal instructions.
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