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Figure 1. (a) Limitations of existing Multimodal Instruction Following (IF) benchmarks. (b) Overview of the MM-IFEval benchmark,
which significantly surpasses existing benchmarks in terms of constraint diversity, quantity, and instruction complexity. Our benchmark
consists of Compose-Level (C-Level) problems that impose constraints on model outputs (e.g., format requirements, keyword limits) and
Perception-Level (P-Level) problems that require reasoning about specific visual elements in images. (¢) Our MM-IFEngine generates a
large-scale, diverse training dataset suitable for both Supervised Fine-Tuning (SFT) and Direct Preference Optimization (DPO).

Abstract

The Instruction Following (IF) ability measures how well
Multi-modal Large Language Models (MLLMs) understand
exactly what users are telling them and whether they are
doing it right. Existing multimodal instruction following
training data is scarce, the benchmarks are simple with
atomic instructions, and the evaluation strategies are im-
precise for tasks demanding exact output constraints. To
address this, we present MM-IFEngine, an effective pipeline
to generate high-quality image-instruction pairs. Our MM-
IFEngine pipeline yields large-scale, diverse, and high-
quality training data MM-IFInstruct-23k, which is suit-
able for Supervised Fine-Tuning (SFT) and extended as
MM-IFDPO-23k for Direct Preference Optimization (DPO).
We further introduce MM-IFEval, a challenging and di-
verse multi-modal instruction-following benchmark that in-
cludes (1) both compose-level constraints for output re-
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sponses and perception-level constraints tied to the input
images, and (2) a comprehensive evaluation pipeline in-
corporating both rule-based assessment and judge model.
We conduct SFT and DPO experiments and demonstrate
that fine-tuning MLLMs on MM-IFInstruct-23k and MM-
IFDPO-23k achieves notable gains on various IF bench-
marks, such as MM-IFEval (+10.2%), MIA (+7.6%), and
IFEval (+12.3%). We have fully open-sourced the datasets
(both SFT and DPO), evaluation code and training scripts at
https://github.com/SYuan03/MM—-IFEngine.

1. Introduction

Instruction Following (IF) is a fundamental ability in
Large Language Models (LLMs) [14, 27, 35, 53, 57] and
Multimodal Large Language Models (MLLMs) [2, 34],
which involves accurately interpreting and executing
user-provided instructions. This ability is crucial for
deploying models in real-world applications where users
expect precise and context-aware responses, such as code
generation [44], visual question answering [17], robots [38],



and creative content creation [58]. For instance, in a VQA
scenario, when a user asks an MLLM what is the
object and how do I use it, return the

object name and the usage instructions

in a JSON format, accurate IF ensures the model
provides a response like {object’: ‘hammer’, ‘usage’:
‘use it to drive nails’}instead of the plain text.

Achieving precise IF in multimodal, diverse, and open-
ended environments presents significant challenges for both
model training and benchmark evaluation. One significant
limitation is the scarcity of high-quality IF training data
to train open-source MLLMs. In addition, current multi-
modal IF benchmarks [2, 34] merely have simple, atomic
instructions, and the constraints are weakly correlated with
visual content (see Fig. 1 (a)). Consequently, existing bench-
marks lack the diversity required for real-world applications,
leading to saturated results where nearly all models achieve
over 80%. Furthermore, the evaluation method in existing
benchmarks often relies on LLM-as-a-judge [56], which
is imprecise for instructions demanding exact output con-
straints, such as word counts. Therefore, the combination
of limited training data, simple benchmarks, and imprecise
evaluation strategy strongly restricts the progress of current
MLLMs in IF.

To address the lack of high-quality IF training data
and challenging benchmarks, we propose MM-IFEngine,
an effective pipeline for generating high-quality image-
instruction pairs. MM-IFEngine collects diverse image
sources, including natural scenes, Ul interfaces, diagrams,
charts, and mathematical problems. We then employ a struc-
tured approach using a predefined set of 16 task descrip-
tions and 32 constraints to guide the LLM in crafting tai-
lored instructions for each image. Using MM-IFEngine,
we generated a comprehensive dataset of image-instruction
pairs, collected responses from open-source MLLMs, and
applied rigorous post-processing to retain only high-quality
instruction-answer pairs, thus constructing MM-IFInstruct-
23k for Supervised Fine-Tuning (SFT). We also generate
negative responses by selectively removing constraints from
the original data, constructing the preference dataset MM-
IFDPO-23k for preference optimization algorithms such as
Direct Preference Optimization (DPO) [36].

To facilitate the evaluation of multimodal IF, we present
MM-IFEval, a benchmark comprising 400 challenging prob-
lems with diverse compose-level and perception-level in-
structions. MM-IFEval is derived from the images and in-
structions generated by MM-IFEngine with human-labeled
annotations. As presented in Fig. | (b), our MM-IFEval has
the following three distinctive features: (1) Diverse Instruc-
tion Types: MM-IFEval has 32 distinct constraints, ensuring
a wide range of instruction complexities and surpassing the
scope of prior benchmarks. (2) Hybrid Evaluation: we use
a hybrid strategy including both rule-based verification and
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judge model. For subjective instructions (e.g., mimicking
tone), we design a comparative judgment for precise eval-
uation. Specifically, a control output is generated without
the constraint, and the LLM judge compares both outputs
for precise evaluation. (3) Challenging: the leading pro-
prietary model (GPT-40 at 64.6%) and open-source model
(Qwen2-VL-72B at 50.8%) demonstrating substantial room
for improvement on our benchmark, highlights a significant
opportunity for improvement in multimodal instruction fol-
lowing.

We further demonstrate that fine-tuning MLLMs on ei-
ther MM-IFInstruct-23k or MM-IFDPO-23k consistently
boosts the performance of MLLMs on instruction following
benchmarks, without compromising their original capabili-
ties on other Visual Question Answering (VQA) benchmarks.
Specifically, fine-tuning Qwen2-VL-7B on MM-IFDPO-23k
with the DPO results in performance gains of 10.2%, 7.6%,
and 12.3% on MM-IFInstruct-23k, MIA-Bench [34], and
IFEval [57], respectively.

Our contributions include: (1) a MM-IFEngine pipeline
for generating multimodal constraint-rich image-instruction
pairs; (2) a large-scale training dataset MM-IFInstruct-23k
and preference optimization dataset MM-IFDPO-23k de-
rived from MM-IFEngine; (3) a challenging multimodal in-
struction following benchmark MM-IFEval with diverse con-
straints and comprehensive evaluation approaches; and (4)
empirical evidence showing significant performance gains on
both our MM-IFEval and existing benchmarks when training
MLLMs on MM-IFInstruct-23k via SFT and MM-IFDPO-
23k via DPO.

2. Related Work

Instruction Following in LLMs. Various benchmarks and
training approaches have been proposed to make Large Lan-
guage Models (LLMs) better align with human instructions.
While existing Instruction Following (IF) benchmarks like
[14,35,53,57] all aim to evaluate instruction following, they
differ significantly in their dataset construction pipelines,
driven by their unique constraint taxonomies. CFBench
[53], for instance, constructs its dataset using a combina-
tion of taxonomic and statistical methodologies to establish
comprehensive constraints. This divergence extends to their
evaluation strategies. For example, InFoBench [35] adopts
a strategy of decomposing complex instructions into simpler
assessment standards. Beyond benchmarks, various train-
ing approaches aim to enhance LLMs’ instruction-following
capabilities [29, 44], including in-context learning [58] and
preference optimization [54]. However, he aforementioned
research is limited to the text modality, whereas our work
focuses on multi-modal instruction following with vision
inputs.

Instruction Following Benchmarks in MLLMs. Numer-
ous benchmarks [18] have been proposed to evaluate di-
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Figure 2. Overall pipeline of MM-IFEngine. Part (a) demonstrates the three-stage workflow of our engine: (1) Image filter; (2) Task
generation using GPT-40 for images without QA pairs and instruct refinement for existing annotations; and (3) Constraints integration
incorporating 6 main categories and 32 subcategories, ensuring compatibility between constraints and tasks. MM-IFEngine is employed to
generate SFT and DPO training datasets and MM-IFEval benchmark, as shown in part (b) and (c). MM-IFEval implements three evaluation
metrics combining rule-based verification functions and a judge model to ensure accurate assessment.

verse capabilities of Multi-modal Large Language Models
(MLLMs), including general knowledge [5, 24, 48, 50], doc-
ument understanding [ 15, 25, 30], perception [43, 52], multi-
image comprehension [26, 39, 40], and instruction following
(IF) [2, 34]. MIA-Bench [34] and VisIT-Bench [2] are repre-
sentative IF benchmarks that employ GPT-4 [32] for question
generation and evaluation. In contrast to existing IF bench-
marks, our MM-IFEval introduces significant improvements
in diversity (32 constraint categories covering compositional
and perceptual aspects), difficulty (averaging 5.1 constraints
per question), and evaluation precision (using both judge
models and rule-based verification).

Instruction Tuning Data for MLLMs. Recent advance-
ments in multi-modal instruction tuning data aim to im-
prove cross-modal alignment and increase the variety of
tasks handled by MLLMs [4, 8, 20, 26, 45, 46, 51]. For
example, some previous works [3, 4, 23] build synthetic in-
struction tuning data generated using GPT-4V [33], enabling
open-source MLLMs to achieve performance comparable
to proprietary models across multiple benchmarks. How-
ever, existing instruction tuning data are mainly designed
for general knowledge or visual perception, and data for
improving the IF abilities is scarce. The scarcity of training
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data for enhancing IF abilities motivated the development of
our MM-IFEngine pipeline.

3. MM-IFEngine

We employ the MM-IFEngine pipeline to generate image-
instruction pairs, which are the foundation for creating in-
struction tuning data and our benchmark. As shown in Fig. 2
(a), the pipeline is composed of three main stages: (1) im-
age filtering, where we systematically select a diverse set of
images from multiple sources to ensure broad coverage of
visual content; (2) task generation, in which we either syn-
thesize novel tasks tailored to the selected images or refine
existing instruction templates to better align with the image
content; and (3) constraint integration, where high-quality,
constraint-aware instructions are generated for images that
initially lack associated annotated guidance, thereby enhanc-
ing the richness and precision of the dataset.

3.1. Image Filter

Our image filtering strategy selects only high-quality images
by removing those with low resolution or limited semantic
richness. For unannotated pure image datasets (e.g., CC3M



[37]), we prioritize natural scene images. Rich semantic
content in these images enables the creation of more com-
prehensive and insightful QA pairs, which is crucial for
designing diverse and complex instruction following tasks.
We use the IC9600 and RAM metric proposed in the previ-
ous method [55] to select the images that have rich semantic
content.

Furthermore, we analyze existing annotated datasets, such
as ALLaVA [3]. Our analysis reveals that some images
suffer from low resolution, making them inadequate for the
instruction-following task. Given our intention to design
more intricate and varied instruction following tasks based
on this data, we filter out data items containing low-quality
images.

3.2. Task Generation

Image Source without Original QA Pairs. For image
datasets lacking original annotated task instructions (e.g.,
CC3M [37]), we first design appropriate task instructions for
the data items. We first develop a series of task instructions
tailored to the data items. These instructions are crafted to
elicit long-form responses that can be subsequently modified
or refined using various constraints, for instance, Provide a
detailed analysis of the image, including the setting, charac-
ters, and notable objects. The final task pool Pr comprises
a total of 16 distinct tasks, with further details available in
Appendix A.1.2.

Given the task pool Pr, we randomly select k tasks as
examples of task types for each image /. We then prompt
a powerful language model M (e.g., GPT-40) to generate
an appropriate task list 7; that aligns with the image content.
The process is formulated as:

{17} = M(I,Te) M

where T, = {T1,T5, ..., T} } and each T; € Pp. The model
M is tasked with either choosing relevant tasks from 7, or
supplementing reasonable tasks to construct the appropriate
task list 7", ensuring that all tasks in 7}* are in line with
the image content. After generating the 77", a sampling step
is incorporated to guarantee task diversity. For each image,
tasks are sampled. This sampling process is crucial as it
enriches the variety of tasks associated with each image.

Image Source with QA Pairs. In the case of image datasets
that have QA pairs (e.g., ALLaVA [3]), we adopt certain
strategies for processing the original question annotations.
We choose ALLaVA as the primary dataset for this type of
image source due to its rich and diverse image content, which
is accompanied by a variety of task types. First, we conduct
an analysis of the original question annotations. We find
that some of the questions are accompanied by some few-
shot examples. Additionally, some questions in ALLaVA
have options in their original annotations, which are not
suitable for our instruction-following task. Since we need to
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incorporate certain constraints into the original instructions
in the subsequent steps, we use regular expressions and
length limits to filter the questions in ALLaVA. Specifically,
we select those questions that do not have few-shot examples
associated with them. Mathematically, if we let ) be the set
of all questions in ALLaVA, @ s be the subset of questions
with few-shot examples, and @), be the subset of questions
with options. We aim to find the subset Qs of questions that
satisfy the conditions:

Qs ={7€Qlg¢ Qrs N g ¢ Qop}

where the filtering based on the absence of few-shot exam-
ples and options is achieved using regular expressions and
length limits. Then, we get the expected 7™ in our filter Q)5
set for the images.

2

3.3. Constraints Integration

Constraints Pool (Pc) We use instruction to refer to the
entire textual input, which in our paper can generally be
viewed as a composition of a task instruction and multi-
ple constraints instruction. Tasks and constraints are rich
and diverse, with a certain complexity in our work. All the
constraints in our work can be further classified into six ma-
jor categories, each with its own unique characteristics and
applications: Text Length Requirements, Mathematical Re-
quirements, Language & Formatting Requirements, Rhetoric
& Logic Requirements, Action Requirements, and Keyword
Requirements. Please refer to the Appendix Fig. 5 for more
details of all the constraints.

Given the constraints pool P and task instructions, a
straightforward approach for composing full instruction is
to first set several constraints for each constraint type and
then randomly select one constraint from some of the types
to compose the constraint list, and finally concatenate the
constraint list with the task instruction to form the full in-
struction. But this direct method has two problems: (1) The
constraints are not diverse enough, which may not be able to
fully evaluate the ability of the model. (2) The contradiction
between the constraints and also between the constraints
and the task instruction may exist. For the first problem, an
LLM is employed to generate concrete content of constraint
instruction for the specific constraint type in our method.
In order to avoid the generated content being too divergent
or hard to control its difficulty, we carefully design some
cases or requirements of details that needed to be paid at-
tention to when generating the content for each constraint
type (Appendix A.1.1). For the second problem, we also use
a powerful LLM to help keep the correlation of constraints
with its instruction and filter out those that cause total con-
tradiction. Finally, we prompt an LLM to check whether the
constraints and the task instruction are compatible and filter
out those failing to pass the check. Our method not only
ensures the compatibility of constraints and instructions but



also enriches the diversity of constraints.

In our actual practice process, we find that although we
prompt the LLM to select appropriate constraints that should
be compatible with the task instruction and other constraints,
the generated constraints still have some contradiction with
the task instruction, especially on those existing datasets with
various kinds of annotations. The reason is that these datasets
are designed for overall question-answering tasks, and the
question(or named task instruction) tends to be contradictory
with the constraints, which are mostly compatible with those
tasks of creating or answering in non-short form. So, we
decouple the selection and generation steps for this type of
data source. Specifically, we first select the constraints from
the constraints pool P and then provide the selected mostly
compatible constraints to the LLLM to select secondly and
generate final constraints. But for image datasets without
original QA pairs, in other words, for which we generate
task instructions for them using Pr, we directly sample k
constraint types for the LLM to generate concrete content
because they are mostly compatible with the pre-designed
task instruction. The uniform process is formulated as:

C(l*< —E(CS,T*),C; - V(Cl*vT*) 3)
where T* is the task applicable to the image. The model
L is tasked with both choosing appropriate constraint types
from C again and generating concrete constraints for some
of them, whose output is a list of concrete constraint de-
scriptions. To ensure that the generated constraints remain
compatible with the given task instruction 7™, we employ a
final validation step using another LLM process, denoted as
V. This validation function checks whether each constraint
in C} aligns with 7™ and filters out those that contradict
or do not fit the task instruction. The resulting set of fully
verified and compatible constraints is represented as C’;ﬁ.

MM-IFInstruct-23k Construction. By applying the
MM-IFEngine pipeline, we construct the MM-IFInstruct-
23k dataset, which contains 23k high-quality multi-modal
instruction-following training data. We first take an analy-
sis of the performance of the current open-source MLLMs
and proprietary MLLMs on several benchmarks [25, 34],
and find that for instruction-following capability, the most
powerful open-source MLLM like InternVL2.5-78B-MPO
[42] is nearly equivalent to GPT-40, and the performance
on general VQA benchmarks are even higher then GPT-40.
Thus, we use InternVL2.5-78B-MPO to generate responses
for our MM-IFInstruct-23k dataset. Despite its capabilities,
the InternVL2.5-78B-MPO model encounters difficulties in
ensuring 100% compliance with our constraints, a challenge
attributed to the complexity, number, and comprehensive-
ness. Consequently, we implement a post-processing stage
to filter out responses that do not meet the specified criteria.
Acknowledging that achieving perfect constraint adherence
might be challenging even for human annotators on this task,
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we set a practical accuracy threshold of 80%. Finally, our
MM-IFInstruct-23k comprises 23k data items, with 16k con-
structed from the training set of CC3M, 6k from ALLaVA,
and 4k from the training set of MultiUI, Geo170k[12] and
ChartQA[31]. We show the distribution of constraints num-
ber of MM-IFInstruct-23k in Fig. 3.

MM-IFDPO-23k Construction. To comprehensively ex-
plore and make full use of our high-quality data, we also
utilize MM-IFEngine to construct MM-IFDPO-23k, a prefer-
ence dataset comprising chosen and rejected samples suitable
for Direct Preference Optimization (DPO) [36]. Our high-
quality data can be directly employed as the chosen samples.
Regarding rejected samples, we opt to utilize Qwen2-VL-7B-
Instruct to answer the variant of the question for generating
rejected pairs. Specifically, we have four distinct settings for
generating negative pairs, which mainly differ in the input
to Qwen2-VL-7B-Instruct. These settings include (1) With
image, but randomly remove one-third of the number of con-
straints in the prompt; (2) With image, but randomly remove
two-thirds of the number of constraints in the prompt; (3)
With image, but randomly remove all the constraints in the
prompt; and (4) Full prompt, but without the image; We use
these four types of input to feed into Qwen2-VL-7B-Instruct
model, and collect the rejected responses to construct the
MM-IFDPO-23k.

4. MM-IFEval

Existing benchmarks for multi-modal instruction following
are scarce. The majority focus on simple and atomic instruc-
tions, resulting in performance saturation across models. To
address this limitation, we introduce MM-IFEval, a human-
annotated, comprehensive, and challenging benchmark de-
signed for evaluating multi-modal instruction following.

4.1. MM-IFEval Construction

To construct the MM-IFEval, we first use our MM-IFEngine
to generate the question-answer (QA) pairs for images. The
generated instructions may inherently contain potential con-
flicts. Consequently, human annotation remains critical for
constructing this benchmark, as human annotators possess
the cognitive capacity for comprehensive assessment of these
complex situations. After the human annotation, we further
use an extra post-processing step that prompts the LLMs
to double-check and mitigate the occurrence of constraint
conflicts as much as possible. Finally, we construct the MM-
IFEval bench of 400 questions, 300 of which are compose-
level open-ended questions and 100 perception-level ques-
tions with ground truth.

Diverse Constraints. With 32 distinct constraint categories
and an average of 5.1 constraints per question, MM-IFEval
presents a more challenging evaluation task compared to ear-
lier benchmarks (e.g., [34], which has 8 categories and 2.6
average constraints per question). Furthermore, our bench-
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Figure 3. Constraint Quantity Distribution in MM-IFInstruct-
23k. Our MM-IFInstruct-23k exhibits systematic variation in con-

straint complexity, with each sample containing 3-12 constraints
per instruction.

mark incorporates essential constraints such as “Output in
JSON format”, which is prevalent and practical in real-world
scenarios, a feature not found in previous multi-modal in-
struction following benchmarks.

Compose-level and Perception-level Questions. Compose-
level questions involve textual constraints, while perception-
level questions require greater visual perception ability to
solve. The perception-level questions incorporate a variety
of image sources, such as natural scenes, user interfaces, dia-
grams, table charts, and mathematical expressions, which we
believe are representative of real-world applications. Please
refer to the Appendix for examples of compose-level and
perception-level questions.

4.2. Hybrid Evaluation

Current multi-modal instruction following benchmarks of-
ten rely solely on GPT-4o for evaluation. However, accu-
rately assessing certain constraints, such as numerical con-
ditions (e.g., ‘output in 200 words’, ‘Answer in
5 paragraphs’, ‘Use the word ‘cat’ in the
answer twice’), remains challenging even for GPT-4o0.
In contrast, verifiable functions like string matching offer
greater precision than judge models for such constraints. To
address this, we propose a hybrid evaluation strategy (see
Fig. 2(c)) that employs three methods, including both rule-
based Verification and judge models for more robust and
precise evaluation. We also conducted a human-LLM agree-
ment study on 30 sampled items (162 constraints), achieving
a consistency score of 90.74%, further validating the bench-
mark’s reliability.

(1) Rule-based Verification. For constraints that adhere to
a fixed format and involve specific content that can be objec-
tively verified—yet remain challenging for an LLM to assess
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Figure 4. Constraint Category Distribution in Compose-Level
Problems of MM-IFEval. This part comprises six primary con-
straint categories with 32 subcategories, forming a multi-level tax-
onomy for instruction-following evaluation.

accurately—we employ a rule-based approach. Specifically,
we design a set of predefined functions for different con-
straint types. The LLM is first prompted to extract the rel-
evant parameters, denoted as Params, from the constraint
description. When evaluating a constraint that falls within
the scope of our rule-based framework, we use Params and
the model’s output as inputs to the predefined function to
determine compliance.

(2) LLM-based Direct Judgment. This method is primar-
ily used for evaluating constraints that can be easily and
unambiguously verified based on the model’s output. It is
applicable to constraints where correctness is straightfor-
ward to determine, such as those requiring the inclusion of
specific words or phrases. For instance, a constraint like
“Use the word ‘inspiration’ or its synonyms at least twice
in the response” does not follow a strict format and cannot
be assessed using a rule-based approach. Instead, we di-
rectly leverage an LLM to determine whether the constraint
is satisfied.

(3) LLM-based Comparative Judgment. Some constraints,
particularly those related to tone, style, or role-playing, are
difficult to evaluate directly. To improve judgment accuracy,
we adopt a comparative approach. Specifically, we generate
a second model output using a nearly identical prompt but
without the constraint under evaluation. The LLM-based
evaluator is then provided with both outputs and asked to
compare them, determining whether the model’s response
with the constraint in the prompt adheres more closely to the
expected requirement.

5. Experiments

Benchmarks. We select the following benchmarks to
demonstrate that models fine-tuned on MM-IFInstruct-23k
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Table 1. Main results on Instruction Following benchmarks, including our proposed MM-IFEval, MIA-Bench [34], and IFEval [57]. The
symbol M refers to multimodal benchmarks, and T denotes text-only benchmarks. We report both compose-level (“C”*) and perception-level
(“P”) for MM-IFEval, prompt-level accuracy (“Prompt.”) and Inst-level accuracy (“Inst.”) for IFEval, and the averaged results across all

three benchmarks in the rightmost column.

M T

Model Parameter C MM IF]lE)val (Our[izlg‘ MIAM Prompt. IFI];ZIZEI Ave. Avg.
LLaVA-NeXT-7B [21] 7B 36.8 16.0 31.6 73.2 32.0 43.3 37.7 47.5
LLaVA-OneVision-Qwen2-7B-OV [16] 8B 374 24.0 34.0 84.5 43.3 54.8 49.0 55.8
InternVL2-8B [7] 8B 45.2 320 41.9 86.2 44.6 57.0 50.8 59.6
InternVL2.5-8B [6] 8B 49.6 36.0 46.2 88.5 52.2 62.4 57.3 64.0
LLaVA-NeXT-Llama3-8B [21] 8B 459 21.0 39.7 83.3 45.0 56.4 50.7 57.9
w. MM-IFInstruct-23k - 59.3 19.0 49.2 +9.5 | 86.5 +3.2 50.8 61.8 56.3 +5.6 | 64.0 +6.1
w. MM-IFDPO-23k - 58.7 21.0 49.3 +9.6 | 90.0 +6.7 64.5 73.7 69.1 +18.4 | 69.5 +11.6
Qwen2-VL-7B-Instruct [41] 8B 42.7 40.0 42.0 80.5 42.4 52.5 474 56.6
w. MM-IFInstruct-23k - 57.0 38.0 523 +10.3 | 87.7 +7.2 46.8 58.4 52.6 +5.2 | 64.2 +7.6
w. MM-IFDPO-23k - 55.2 430  52.2+10.2 | 88.1 +7.6 55.2 64.3 59.7 +12.3 | 66.7 +10.1

Table 2. Main results on VQA benchmarks, including general knowledge (MMMU [50], MMBench [24], MMStar [5], MMT-Bench
[48]), document understanding (AI2D [15], OCRBench [25]), Chat (MM Vet [49]) and Hallusion (POPE [19]). Fine-tuning models on
MM-IFDPO-23k achieve comparable performance across these benchmarks.

Model General Document Chat | Hallusion Ave.
MMMU,, MMBenchgy, MMStar MMT-Bench,, | AI2D OCRBench | MMVet | POPE
LLaVA-NeXT-Llama3-8B [21] 43.7 72.5 43.6 53.1 73.1 55.0 43.3 87.2 58.9
w. MM-IFInstruct-23k 45.8 69.3 44.2 53.3 71.2 55.3 46.3 88.8 59.3
w. MM-IFDPO-23k 44.1 72.1 43.7 53.1 72.3 56.7 43.9 86.8 59.1
Qwen2-VL-7B-Instruct [41] 53.9 81.0 60.8 63.2 82.9 86.7 63.3 86.3 72.3
w. MM-IFInstruct-23k 54.0 79.3 57.1 61.0 81.6 81.8 61.6 89.2 70.7
w. MM-IFDPO-23k 54.0 81.3 58.5 63.7 83.3 86.8 66.1 85.7 724

and MM-IFDPO-23k enhance instruction following with-
out compromising performance on other VQA tasks: (1)
Instruction Following benchmarks, including MIA-Bench
[34], IFEval [57], and our proposed MM-IFEval. To be
noted, IFEval is a language-only benchmark while others
are both multi-modal benchmarks. (2) VQA Benchmarks,
including MMMU [50], MMBench [24], MMStar [5], AI2D
[15], OCRBench [25], MM Vet [49], POPE [19] and MMT-
Bench [48].

Implementation Details. We fine-tuned Qwen2-VL-7B-
Instruct [41] and LLaVA-Next-Llama3-8B [21] using MM-
IFInstruct-23k (SFT) and MM-IFDPO-23k (DPO). For the
SFT phase, we used a batch size of 128 and a learning rate
of le-5. For the DPO phase, we used a learning rate of Se-
7 with the batch size of 16. We implemented our training
pipeline with the help of LLaMA-Factory and evaluation
pipeline under VLMEvalkit [10].

5.1. Results about MM-IFInstruct-23k and MM-
IFDPO-23k

Consistently Improvements on Instruction Following
Benchmarks. As shown in Tab. 1, both MM-IFInstruct-
23k and MM-IFDPO-23k significantly enhance the model’s
performance in instruction following benchmarks. Fine-
tuning LLaVA-Next and Qwen2-VL on MM-IFInstruct-23k
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yielded significant averaging performance gains of 6.1%
and 7.6% points, respectively. Furthermore, applying DPO
with MM-IFDPO-23k also led to notable improvements for
LLaVA-Next and Qwen2-VL, with average gains of 11.6%
and 10.1% points. Such improvements demonstrate the ef-
fectiveness of MM-IFEngine in constructing high-quality
training data.

Comparable Results on VQA Benchmarks. To show that
fine-tuning on MM-IFInstruct-23k and MM-IFDPO-23k im-
proves instruction following without degrading performance
on other VQA tasks, we analyzed model performance on
other widely used benchmarks, as detailed in Tab. 2. Results
indicate that models fine-tuning with MM-IFInstruct-23k
and MM-IFDPO-23k demonstrate comparable performance
across these benchmarks.

SFT vs DPO. As evidenced by Tab. 1 and Tab. 2, DPO
using MM-IFDPO-23k significantly surpasses SFT on MM-
IFInstruct-23k. This is likely due to negative samples of
DPO, which are essential for training models to respect con-
straints, particularly in our data with multiple and diverse
constraints. Additionally, the Kullback—Leibler (KL) di-
vergence in DPO preserves the model’s generalization, as
demonstrated in Tab. 2.



Table 3. Evaluation of various MLLMs on MM-IFEval. We
report the accuracy of easy and difficult problems and the average
accuracy across all problems. The C-Level and P-Level refer to the
compose-level and perception-level problems, respectively. The
best performance in each section is highlighted in bold.

Table 4. Ablation studies across different DPO settings, in-
cluding randomly deleting constraints (second row to fourth row)
or prompting MLLMs without images (bottom row) to generate
negative responses. Avg. refers to the average score of three IF
benchmarks.

Model Param C-Level P-Level Avg.
Proprietary MLLMs

Claude-3.5V-Sonnet [1] 67.5 44.0 61.7
GPT-40-mini [13] 70.4 40.0 62.8
GPT-40 (20240806) [13] 71.5 44.0 64.6
Open-Source MLLMs

LLaVA-NeXT-7B [21] 7B 36.8 16.0 31.6
LLaVA-OneVision-Qwen2-7b-OV [16] 8B 37.4 24.0 34.0
MiniCPM-V-2.6 [47] 8B 39.2 32.0 37.4
InternVL2-8B [7] 8B 45.2 32.0 41.9
InternVL2-40B [7] 40B 48.0 36.0 45.0
InternVL2.5-8B [6] 8B 49.6 36.0 46.2
InternVL2.5-26B [6] 8B 535 32.0 48.1
Qwen2-VL-72B-Instruct [41] 72B 53.4 43.0 50.8
LLaVA-NeXT-Llama3-8B [21] 8B 459 21.0 39.7
+ MM-IFDPO-23k - 58.7 21.0 49.3
Qwen2-VL-7B-Instruct [41] 8B 42.7 40.0 42.0
+ MM-IFDPO-23k - 552 43.0 52.2

5.2. Leaderboard of MM-IFEval

We present the performance comparison results of various
MLLMs on our MM-IFEval in Tab. 3, including both propri-
etary MLLMs such as GPT-40 [13] and Claude-3.5 [1] and
open-source MLLMs such as LLaVA-Next [21], LLaVA-
OneVision [16], InternVL [6, 7], and Qwen2-VL [41].
MM-IFEval is Challenging. Results on Tab. 3 demonstrate
that multimodal instruction following is still a challenging
and unsolved task for current MLLMs, specifically for the
perception-level problems. The propriety models GPT-40
and Claude-3.5V-Sonnet establish top-tier average perfor-
mance with scores of 64.6 and 61.7, respectively. The lead-
ing open-source MLLM, Qwen2-VL-72B merely achieves
an overall accuracy of 50.8. We attribute the performance
gap between proprietary and open-source models to the
scarcity of high-quality open-source training data for instruc-
tion following. As a result of our MM-IFDPO-23k, Qwen2-
VL-7B fine-tuned via our optimized DPO approach achieves
a score of 52.2, demonstrating a 24.3% relative improve-
ment over its baseline (42.0), and even surpasses the larger
Qwen2VL-72B model. We hope our MM-IFEval bench-
mark motivates further exploration into improving MLLM
instruction-following. Additional benchmark examples from
MM-IFEval, including images and constraint-based instruc-
tions for both compose-level and perception-level tasks, are
provided in the Appendix.

5.3. Ablation Studies

Ablation Studies on Different DPO Settings. In Tab. 4,
we present an ablation study on various strategies for con-
structing pairwise preference data for Direct Preference Op-
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Model MM-IFEval MIA IFEval Avg.
Qwen2-VL-7B-Instruct 42.0 80.5 47.4 56.6
+ DPO (-33% cons) 515 88.2 57.9 65.8
+ DPO (-66% cons) 51.2 88.0 58.4 65.9
+ DPO (-100% cons) 52.2 88.1 59.7 66.7
+ DPO (w/o img) 48.4 86.9 54.7 63.4
LLaVA-NeXT-Llama3-8B 39.7 83.3 50.7 57.9
+ DPO (-33% cons) 50.4 87.2 64.3 67.3
+ DPO (-66% cons) 48.7 86.8 69.7 68.4
+ DPO (-100% cons) 49.3 90.0 69.1 69.5
+ DPO (w/o img) 447 85.9 64.8 65.2

timization (DPO). These strategies primarily include: (1)
generating rejected responses by randomly removing con-
straints from the instruction (second to fourth rows), and
(2) prompting MLLMs without providing image inputs to
generate rejected responses (bottom row).

We conduct experiments on both the Qwen2-VL-7B-
Instruct and LLaVA-NeXT-Llama3-8B models. As shown
in Tab. 4, all DPO variants exhibit strong robustness, consis-
tently outperforming the baseline. Among the four evaluated
strategies, removing 100% of the constraints to generate
rejected responses achieves the best performance, whereas
omitting image inputs yields the weakest performance. Fur-
thermore, we observe a consistent trend: as the proportion
of removed constraints increases from 33% to 100%, the
performance of the resulting DPO models improves accord-
ingly. This suggests that removing more constraints am-
plifies the semantic gap between preferred and rejected re-
sponses, thereby enhancing the effectiveness of contrastive
learning during DPO training. Based on these findings, we
adopt the 100%-constraint removal strategy as the default
approach for constructing the DPO data in MM-IFDPO-23k.

6. Conclusion

This paper contributes to the field of multimodal instruction-
following by exploring pipelines for training data collection
and proposing a challenging benchmark. We present MM-
IFEngine, a pipeline designed to generate image-instruction
pairs, subsequently used to construct MM-IFInstruct-23k
for SFT and MM-IFDPO-23k for DPO. We also analyze
the limitations of existing multimodal instruction following
benchmarks and propose MM-IFEval, a benchmark featuring
diverse instruction types and a hybrid evaluation strategy
that combines rule-based methods with an LLM-based judge.
We hope this work inspires further research into improving
the instruction-following ability of MLLM, a critical step
towards unlocking their potential in real-world applications.
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