Appendix
Overview

This is the Appendix for the paper “DeepAlign: Mitigating

Modality Conflict through Modality-Specific Alignment".

In this supplementary material we present:

» The specific details and configurations about our imple-
mentation is described in Section A.

* The detailed introduction of the settings for each of our
experiments is provided in Section B.

A. Implementation Details.

DeepAlign is a model-agnostic post-training method and
we apply it on LLaVA-v1.5-7B [9], Qwen2.5-VL-7B, and
InternVL3-8B to explore the broad applicability of it.

Training Data. To collect the post-training data, we first
leverage a set of text-image pairs selected from a high-
quality subset of the CC3M dataset [5]. Following [22],
each image corresponds to filtered synthetic captions pre-
pared by BLIP2 [6]. In total, we screen about 1M text-
image pairs. Moreover, we also incorporate MiniGPT-
4-Instruction and LLaVA-v1.5-mix-665k to preserve the
original instruction-following capabilities of the MLLM.
Specifically, MiniGPT-4-Instruction [22], as the instruction-
tuning data for [22], includes about 3.5K instances refined
by ChatGPT from detailed descriptions. LLaVA-v1.5-mix-
665k, as the instruction-tuning data for [9] is a wider collec-
tion with 665 K instructions, which encompass a wide range
of task categories, including dialogue-based Q&A pairs,
multiple-choice short Q& A, detailed descriptions, and text-
only reasoning tasks. All post-training data are derived
from the original pre-training and instruction fine-tuning
datasets of the backbone MLLM. And we have not intro-
duced any additional training data.

Model Details. Prior to post-training, we first train the
modality classifier f using our collected image-text pairs,
which is composed of several MLP layers. It operates on
cross-layer pooled visual/textual representations for modal-
ity discrimination (e.g., distinguishing visual from textual
features). This design prioritizes “lightweight alignment"
to avoid over-complicating the main model with excessive
parameters. The modality shift module SHF(-) is a convolu-
tional neural network containing 2 layers of 3 x 3 convolu-
tional layers (with ReLU activation), designed to adjust spa-
tial shift directions in visual feature maps. It is inserted into
the middle layers of the visual encoder (e.g., Layers 4 and 6
in ViT), which capture mid-level semantic features balanc-
ing low-level spatial structures (e.g., object boundaries) and
high-level semantics (e.g., part relationships). This choice
ensures a balance between retaining modality-specific de-
tails and enabling cross-layer semantic alignment.

Training Setting. During post-training, the only trainable
parameters are those of the adapter layers (i.e., modality
shift module, 200M params), with a peak learning rate of
3e — 5. We employ cosine decay as the learning rate sched-
uler, with a weight decay rate of 0.05. Additionally, we
set the hyperparameters «, 3, , v to 1.0. The entire post-
training process is conducted on two A100 GPUs and lasts
a total of 48 hours.

Computational Efficiency. During post-training, only
the modality shift module is trainable, comprising 200M pa-
rameters. The entire training process is highly streamlined,
requiring only 1M training samples and 48 training hours
on two A100 GPUs to achieve convergence. Considering
the significant performance enhancement, we conclude that
DeepAlign is an effective approach.

B. Experimental Setting

B.1. Zero-shot Vision-Language Comprehension

We compare DeepAlign with several other baseline meth-
ods also dedicated to achieving better modality alignment
through post-training on a range of academic benchmarks.
Following POVID [21] and SIMA [16], our experimental
settings are as follows. The evaluation benchmarks in-
clude MLLM Benchmarks (MMBench [10], MMStar [1],
MMMU [19], HallusionBench [4], OCRBench [11],
MMVet [18]) and VQA Benchmarks (ScienceQA [12],
TextVQA [14], RealWorldQA, MTVQA [15]). The
post-training methods compared with our model include
RLHF [8], HADPO [20], DataTailor [17], POVID [21], and
SIMA [16]. Below, we provide a brief introduction to these
benchmarks, models, and methods.

B.1.1. Benchmarks

 MLLM Benchmarks:
MMBench [10]: A comprehensive fine-grained multi-
modal evaluation benchmark covering 20+ perception-
reasoning core tasks across levels (e.g., object recog-
nition, spatial reasoning, and text understanding) with
30K+ diverse samples for reproducible assessment, de-
signed to assess MLLMSs’ full general capability.

— MMStar [1]: A large-scale benchmark focusing on
multimodal star tasks, including image-text retrieval,
visual grounding, and cross-modal generation, with
100K+ high-quality image-text pairs.

— MMMU [19]: A challenging multimodal benchmark
simulating university entrance exams, covering 30+
subjects (e.g., math, physics) with 11.5K questions re-
quiring complex reasoning over images and texts.

— HallusionBench [4]: A specialized benchmark for
evaluating hallucination in MLLMs, containing 4.5K
adversarial examples (e.g., non-existent objects) to test
the reliability of visual-text alignment.



— OCRBench [11]: An OCR-centric benchmark with
25K images containing scene text, focusing on tasks
like text detection, recognition, and understanding in
real-world scenarios (e.g., menus, signs).

— MMVet [18]: A real-world-oriented multimodal
benchmark with 2.4K questions across 12 domains
(e.g., healthcare, daily life), emphasizing practical util-
ity and alignment with human needs.

¢ VQA Benchmarks:

— ScienceQA [12]: A multimodal science question-
answering dataset with 21K questions spanning
physics, biology, and chemistry, integrating 10K chain-
of-thought explanations and 5K scientific diagrams.

— TextVQA [14]: An OCR-intensive visual QA bench-
mark with 28K images containing scene text, requiring
models to read and comprehend text in visuals (e.g.,
“What is the expiration date on the bottle?").

— RealWorldQA: A real-world scenario-based VQA
dataset focusing on everyday visual understanding,
with questions about common scenes (e.g., “Is this
milk safe to drink?") to test practical reasoning.

- MTVQA [15]: A multimodal task-oriented VQA
benchmark covering cross-modal understanding, tem-
poral reasoning, and multi-turn interaction, with SOK+
questions over images and short videos.

B.1.2. Baselines

¢ Post-training Methods

— RLHF [8]: It integrates human feedback with rein-
forcement learning, training a reward model to align
agent policies with human preferences. The frame-
work involves three stages: policy initialization, re-
ward modeling from pairwise comparisons, and Proxi-
mal Policy Optimization.

— HADPO [20]: Its full name is Hallucination Aware Di-
rect Preference Optimization, mitigating object hallu-
cination in LVLMs by framing hallucination as a pref-
erence selection task, where models learn to favor non-
hallucinating responses through contrastive training.

— DataTailor [17]: It is designed to optimize multi-
modal data selection by focusing on three key criteria:
informativeness, uniqueness, and representativeness. It
aims to enhance the quality of selected data for down-
stream tasks by ensuring a balanced and diverse dataset
that captures essential information across modalities.

— POVID [21]: It fine-tunes vision large language mod-
els by aligning modalities through preference-based
learning. It leverages human or model-generated pref-
erences to improve the alignment between visual and
textual representations, enhancing the model’s perfor-
mance in multi-modal tasks.

— SIMA [16]: It is a framework designed to enhance
the alignment between visual and language modali-
ties in large vision-language models. By leveraging

self-improvement mechanisms, it iteratively refines the
interaction between these modalities, improving the
model’s ability to generate coherent and accurate mul-
timodal representations.

B.2. Fine-grained Perceptive VQA Tasks of Mitiga-
tion of Modality Conflict

We evaluate DeepAlign on several perceptive-related tasks
on BLINK [2], where the MLLMs must perceive the con-
tents of the image to answer. BLINK is a diagnostic
benchmark containing 5,120 adversarial image-text pairs
designed to quantify modality conflicts through three per-
turbation strategies: color shift (RGB histogram displace-
ment A > 50), partial object occlusion (30 — —50% bound-
ing box masking), and contextual contradiction (e.g., desert
images labeled as arctic scenes). Next, we introduce the
subtasks of Benchmark.

* Spatial Relation (Spatial): It evaluates understanding of
spatial relationships (e.g., left/right) using the Visual Spa-
tial Reasoning dataset, reformatted into binary questions.

* Object Localization (Local): It focuses on fine-grained
object localization using the LVIS dataset, with Gaussian
noise added to ground-truth bounding boxes.

* Visual Correspondence (Vis.Corr.): It evaluates
MLLMs’ ability to identify the same scene point across
different viewpoints or lighting conditions using the
HPatches dataset. Ground-truth homography is used to
compute correspondences.

* Visual Similarity (Similarity): It evaluates nuanced
understanding of visual features using the DreamSim
dataset, comparing a reference image with two alterna-
tives.

* Counting (Counting): It assesses detection, recognition,
and compositional reasoning using the TallyQA dataset,
featuring challenging counting questions.

* Relative Depth (Depth): It tests geometric understanding
by evaluating relative depth perception, a skill humans
excel at.

B.3. Multimodal In-context Learning of Emergent
Abilities

We measure the few-shot in-context learning capabilities of

DeepAlign on OKVQA [13] and VQAV2 [3]. When pro-

vided with 4-shot, 8-shot and 16-shot examples, respec-

tively. Below, we will introduce the two benchmarks in-

volved.

* VQA-v2 [3]: It is an extended version of the Visual
Question Answering (VQA) dataset, containing over 1.1
million question-answer pairs based on 204, 721 images
from the COCO dataset. It evaluates models on their abil-
ity to answer questions about images, with accuracy as
the primary metric, and includes separate evaluations for
different question types (e.g., yes/no, number, other).



* OKVQA [13]: Itis a challenging dataset for Visual Ques-
tion Answering (VQA) that requires models to lever-
age external knowledge to answer questions. It contains
14,055 question-answer pairs based on images from the
COCO dataset, with accuracy as the primary evaluation
metric. Unlike traditional VQA datasets, OK-VQA em-
phasizes the integration of external knowledge sources to
address questions that cannot be answered solely from vi-
sual information.

B.4. Demonstrative Instruction Following of Emer-
gent Abilities

We conduct experiments on the DEMON benchmark [7],
which is specifically designed to evaluate a model’s capa-
bility of following demonstrative instructions on interleaved
image-text sequences. The DEMON benchmark focuses
on evaluating multimodal large language models (LLMs) in
zero-shot settings by fine-tuning them to follow demonstra-
tive instructions. It includes a diverse set of tasks that test
the model’s ability to generalize across modalities (e.g., text
and images) without task-specific training. Performance is
measured using task-specific metrics such as accuracy and
F1 score, depending on the nature of the task. Below, we
introduce each subtask of DEMON benchmark.

e Multimodal Dialogue (MMD): It involves integrating
multiple modalities (e.g., text, speech, vision) to enable
context-aware and natural interactions between humans
and machines.

* Visual Storytelling (VST): It is the task of generating
coherent and descriptive narratives from a sequence of
images, combining visual understanding and natural lan-
guage generation.

 Visual Relation Inference (VRI): It involves identifying
and reasoning about the relationships between objects in
an image, such as spatial or functional interactions.

* Multimodal Cloze (MMC): It leverages both visual and
textual contexts to predict missing elements, enabling
joint learning across modalities for improved contextual
understanding.

* Knowledge Grounded QA (KGQA): It involves answer-
ing questions by grounding responses in both multi-
modal inputs (e.g., images, text) and external knowledge
sources, requiring models to integrate diverse information
for accurate reasoning.

¢ Text-Rich Images QA (TRQA): It focuses on answering
questions about images containing embedded textual in-
formation, requiring models to jointly analyze visual con-
tent and extract relevant text for accurate comprehension.

* Multi-Image Reasoning (MMR): It involves analyzing
and reasoning across multiple images to infer higher-level
relationships, often leveraging techniques from computer
vision and natural language processing to model complex
interactions between visual and textual data.
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