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Abstract

Existing Multimodal Large Language Models
(MLLMs) predominantly rely on image-text
pairs for modality alignment pretraining, map-
ping global image representations to long tex-
tual descriptions. However, this image-level
alignment suffers from referential ambiguity:
the model must struggle to infer the correspon-
dences between multiple visual objects and
textual entities from the global representation,
leading to data inefficiency and suboptimal se-
mantic grounding. To address this, we pro-
pose MultiModal Code-Switching (MMCS), a
novel pretraining paradigm that enables explicit
object-level supervision. Inspired by linguis-
tic code-switching, MMCS interleaves vision
and language by replacing textual entity embed-
dings with embeddings of their corresponding
visual objects, enforcing local visual-textual
grounding during pretraining. We further de-
velop a scalable data synthesis pipeline to gen-
erate 773k samples with accurate object—entity
correspondences. Experiments across model
scales show that MMCS is highly data-efficient:
with only 50k samples, it matches or surpasses
models trained on 600k image—caption pairs,
while consistently improving visual grounding
and perception capabilities'.

1 Introduction

Multimodal Large Language Models (MLLMs)
have established a new state-of-the-art in vision-
language understanding, demonstrating excep-
tional performance across visual question answer-
ing (Goyal et al., 2017; Hudson and Manning,
2019), document understanding (Mathew et al.,
2021), and visual grounding (Kazemzadeh et al.,
2014; Mao et al., 2016). The dominant architec-
ture for these models (Alayrac et al., 2022; Liu
et al., 2023; Dai et al., 2023; Bai et al., 2025b; Zhu
et al., 2025) generally comprises a vision encoder,
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a Large Language Model (LLM) backbone, and
a projector (e.g., MLP or Q-Former) that bridges
the modality gap. To unify these components, the
standard training paradigm follows a two-stage pro-
cess: 1) modality alignment pretraining, mapping
visual features into the LLLM’s semantic space via
image-text pairs; and 2) multimodal supervised in-
struction tuning (SFT), optimizing the model for
downstream task execution. Within this framework,
modality alignment is foundational, as the fidelity
of this alignment dictates the upper bound of the
model’s multimodal capabilities (Liu et al., 2023;
McKinzie et al., 2024).

The prevailing consensus in recent research is
to utilize dense image captions for modality align-
ment, providing detail-rich linguistic signals (Chen
et al., 2024a,b; Li et al., 2024, 2025; Deitke et al.,
2025; Xing et al., 2025). In this paradigm, the
model encodes the image into a global image rep-
resentation, and then is forced to predict a lengthy
text sequence based on this global representation,
thereby achieving alignment at the image level.
However, natural images are inherently complex,
often containing multiple objects and background
elements. As highlighted in Figure 1 (right), stan-
dard dense caption datasets contain an average of
6.8 to 11.0 distinct entities per sample (Chen et al.,
2024b; Onoe et al., 2024; Li et al., 2024; Garg
et al., 2024). While the captions meticulously enu-
merate specific objects and attributes, the vision
encoder and projector compress the entire scene
into a generic, global representation.

This discrepancy leads to a referential ambiguity
issue: the model must implicitly infer the corre-
spondence between specific visual regions and the
corresponding textual phrases from global repre-
sentations. From a computational perspective, this
“many-to-many”’ mapping forces the model to rely
on statistical co-occurrences rather than genuine
semantic grounding. Consequently, this implicit
alignment paradigm is highly data-inefficient, ne-
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Figure 1: Left: Illustration of the referential ambiguity in standard image-level alignment (top), contrasted with
our MultiModal Code-Switching (MMCS) paradigm (bottom). MMCS resolves ambiguity by replacing textual
entities with their corresponding visual objects to provide explicit correspondence signals. Right: The large average
number of entities in dense caption datasets highlights the complexity of natural images.

cessitating massive-scale datasets to learn robust
object-entity associations (McKinzie et al., 2024;
Dong et al., 2025). Our analysis in Section 5 sub-
stantiates this by revealing that standard models
exhibit diffuse attention patterns and suboptimal
representation consistency when multiple localized
objects are involved.

To address these limitations, we propose Mul-
tiModal Code-Switching (MMCS), a novel pre-
training paradigm that introduces explicit object-
level supervision. Inspired by the linguistic phe-
nomenon of code-switching (Poplack, 1981; Thara
and Poornachandran, 2018), MMCS treats vision
and language as distinct “codes”. Instead of re-
lying solely on global image context, we create
interleaved representations by substituting the em-
beddings of textual entities with the embeddings of
their corresponding visual objects (Figure 1, left).
By conditioning the generation of the immediate
textual context directly on these local visual fea-
tures, MMCS imposes a structural constraint that
enforces explicit grounding of textual entities to
corresponding visual regions. This eliminates the
need for the model to infer correspondences from
global representations, thereby facilitating object-
level alignment efficiently.

To implement this, we develop a data synthe-
sis pipeline to generate 773k high-quality samples
with accurate object-entity correspondences. Given
an image, our pipeline generates a detailed caption,
extracts textual entities, and employs a grounding
model to localize the corresponding visual objects.
Empirically, MMCS demonstrates extraordinary
data efficiency compared to standard image-level
pretraining. Notably, with only 50k MMCS sam-

ples, our model achieves performance exceeding
models pretrained on 600k standard image-caption
pairs—a /2-fold improvement in efficiency. More-
over, MMCS maintains consistent gains when scal-
ing up both the dataset size and model capacity,
yielding average improvements of 7.9% on visual
grounding and 2.1% on perception-centric bench-
marks in data-sufficient scenarios. Further in-depth
analysis confirms that these gains stem from higher-
fidelity representation alignment and sharper atten-
tion distributions.
Our contributions are summarized as follows:

* We introduce MultiModal Code-Switching
(MMCS), a pretraining paradigm that shifts
alignment from implicit image-level associa-
tions to explicit object-level supervision.

* We develop a scalable data synthesis
pipeline that generates 773k samples with pre-
cise object-entity correspondences, bypassing
the need for manual annotation.

* We conduct extensive experiments across vari-
ous model scales and vision encoders, demon-
strating the effectiveness of MMCS. We fur-
ther provide mechanistic insights into how
MMCS enhances the internal feature space
topology of MLLMs.

2 Related Works

Multimodal Large Language Models Current
mainstream MLLMs adopt the ViT-MLP-LLM
paradigm (An et al., 2025; Bai et al., 2025a; Zhu
et al., 2025; Guo et al., 2025). Specifically, this
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Figure 2: Overview of MMCS pretraining paradigm. We construct an interleaved image-text sequence by
substituting textual entities with corresponding extracted visual objects. The generation of these entities and the
subsequent context is conditioned on its visual counterparts, thereby facilitating object-level alignment.

architecture employs an MLP-based projector to
align image features from a pretrained vision en-
coder with the input embedding space of an LLM
backbone. These mapped visual tokens serve as
soft prompts for conditional text generation. The
training typically follows a two-stage strategy:
where the projector is first pretrained on image-
caption pairs before unfreezing the LLM for SFT
(Liu et al., 2023, 2024a; Ye et al., 2023; Dong et al.,
2025). The prevailing consensus in recent research
is to utilize dense image captions during the modal-
ity alignment stage to provide detail-rich linguistic
signals (Chen et al., 2024a,b; Li et al., 2024, 2025;
Deitke et al., 2025).

Despite these advancements, models trained on
holistic detailed captions suffer from a referential
ambiguity issue: they must implicitly infer the cor-
respondence between textual entities and specific
visual regions from global representations. Conse-
quently, these models struggle to disentangle spe-
cific visual concepts from complex scenes, relying
instead on statistical co-occurrences. This results in
data inefficiency and suboptimal semantic ground-
ing. In contrast, our approach seeks to provide ex-
plicit object-entity mappings, enforcing the model
to ground textual descriptions to their correspond-
ing visual regions.

Fine-Grained Multimodal Alignment The lim-
itations of image-level alignment have prompted
increasing interest in fine-grained methodologies.
For instance, SEA (Yin et al., 2025) utilizes CLIP
(Radford et al., 2021) to assign semantic labels to
visual patches and introduces a contrastive loss for
patch-level alignment. Similarly, Patch Aligned
Training (Jiang et al., 2025) employs off-the-shelf
vision expert models (Zhang et al., 2024; Liu et al.,
2024c; Kirillov et al., 2023) to generate text labels

for visual patches, directly maximizing the cosine
similarity between features of these visual patches
and corresponding text embeddings.

While patch-level methods demonstrate improve-
ments over image-level alignment, they overlook
a semantic mismatch: a single visual patch often
lacks independent semantic completeness, whereas
a word carries distinct meaning. This fragmenta-
tion results in noisy alignment signals. In contrast,
our method aligns text with complete visual objects
rather than fragmented patches. By focusing on ob-
jects as the fundamental unit of visual semantics,
our method ensures a cleaner, more semantically
coherent alignment signal.

3 Methods
3.1 Insight: Code-Switching

Our method draws inspiration from the linguistic
phenomenon of Code-Switching (CS), defined as
the interleaving of two or more languages within a
single utterance (Thara and Poornachandran, 2018).
For example, in the sentence ‘“The Klavier is a
versatile keyboard instrument,” the German term
Klavier (piano) functions as a code-switched entity
embedded within English context.

Conceptually, this phenomenon implies that the
switched term must be semantically compatible
with its surrounding context. We leverage this prin-
ciple by treating visual objects as distinct “codes”
carrying specific semantic information. Just as a
bilingual speaker selects the most appropriate word
from either language, we substitute textual enti-
ties with their visual counterparts. This imposes a
constraint where the model must resolve the visual
representation to satisfy the semantic expectations
of the sentence, thereby shifting the learning signal
from implicit global correlation to explicit object-



level grounding.

3.2 Multimodal Code-Switching Pretraining

Building on this insight, we introduce Multi-
modal Code-Switching (MMCS), a novel align-
ment paradigm that establishes correspondence be-
tween visual objects and textual entities. As illus-
trated in Figure 2, we construct interleaved code-
switching image-text sequences by replacing the
entity tokens with their corresponding visual ob-
jects. This substitution strategy creates a direct
dependency chain: the generation of the entity and
the subsequent context is strictly conditioned on its
visual counterparts. Therefore, the model is com-
pelled to ground entities to corresponding visual
regions, eliminating the need to infer correspon-
dences from global representations.

Formally, let V = {v,, })_; denote the visual to-
kens of the full image, where each v,, corresponds
to a visual patch with spatial coordinate b,,. Given
the annotated bounding box bopject for a specific
visual object, we extract the subset of patches that
spatially intersect with the object region. The ob-
ject tokens Vpject is defined as:

Vobject = {Un € V| Area(b, N bopject) > 0}. (1)

Let X denote the original text tokens. Consider a
textual entity segment e = [z, ..., 2" starting
at index ¢. The interleaved image-text sequence
Xmmcs is constructed by replacing the textual en-
tity with the extracted object tokens:

Xnmmcs = Concat(X <", Vopjeet, X)), (2)

We employ a language modeling objective where
the loss is computed exclusively on text tokens,
treating the visual tokens as conditioning context
for next-token prediction:

Lim = — Z

t
Typvcs EText

log pg(zyamcs | Xamcs)-

3)
To further enforce explicit supervision on object-
entity correspondence, we additionally minimize
the negative log-likelihood of the original textual
entity segment given the preceding context:

Eentity = —log pg (e | le/li\/lcs, Vobject)a 4)

where e represents the substituted textual entity
tokens in the original text sequence. Our MMCS
pretraining combines both the language modeling
loss and the entity reconstruction loss:

Lyvics = Lim + Lentity- &)
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Figure 3: Data synthesis pipeline.

3.3 Data Synthesis Pipeline

As shown in Figure 3, we develop a data synthe-
sis pipeline to generate interleaved code-switching
image-text sequences with precise object-entity cor-
respondence. For each input image, the pipeline
proceeds through the following steps:

Detailed Image Captioning We begin by utiliz-
ing Qwen3-VL-32B-Instruct (Bai et al., 2025a) to
generate detailed image captions. To capture gran-
ular visual details, we prompt the caption model
to exhaustively describe the attributes of all visible
elements within the scene.

Textual Entity Extraction Given the gener-
ated detailed captions, we employ Qwen2.5-72B-
Instruct (Yang et al., 2024) to extract textual enti-
ties. The output comprises a list of noun phrases,
often accompanied by brief attribute descriptions
(e.g., a white mug labeled “O.CO”). These at-
tributes are essential for disambiguating instances
where multiple objects of the same category are
present in a single image.

Visual Object Grounding We leverage Ground-
ing DINO (Liu et al., 2024c) to anchor these textual
entities to their corresponding visual regions. For
each successfully localized entity, the output is a
tuple containing the bounding box coordinates, the
text label, and an associated confidence score.

Filtering To ensure high-quality object-entity
correspondence, we implement a multi-stage fil-
tering process. First, bounding boxes with low
confidence scores are discarded. Subsequently, we
calculate the area of each remaining bounding box
and prune those violating spatial constraints (e.g.,
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Figure 4: Analysis of data efficiency. We utilize Qwen2.5-3B as the LLM backbone and evaluate data efficiency
by varying the pretraining dataset size from 0 to 600k, while keeping the SFT dataset fixed at 200k. The curves
depict average scores across our benchmark suite, demonstrating that MMCS achieves superior data efficiency over

image-level pretraining.

smaller than a single visual patch or exceeding 50%
of the total image area). Finally, SAM-2.1 (Ravi
et al., 2025) is employed to generate segmentation
masks. Objects yielding mask areas below a prede-
fined threshold are discarded to avoid the inclusion
of heavily occluded instances.

We curate a diverse collection of images and
apply the aforementioned synthesis pipeline. The
generated pretraining dataset comprises 773,779
samples for pretraining, each containing a source
image, its comprehensive caption, and a set of vi-
sual objects associated with bounding boxes and
textual entity labels. A statistical summary of the
synthesized dataset is presented in Table 6.

4 Experiments

4.1 Experiment Setup

Model Architecture 1) Vision Encoders: Un-
less otherwise specified, we utilize Sigl.IP2-SO-
400M (Tschannen et al., 2025) equipped with a
tile-wise dynamic high-resolution strategy (Liu
et al., 2024b). 2) LLMs: MMCS is integrated with
Qwen2.5-3B-Instruct (Yang et al., 2024), Qwen3-
8B (Yang et al., 2025), and Llama3-8B-Instruct
(Team, 2024). 3) Projector: We utilize a two-layer
MLP with a 2 x 2 pixel unshuffle operation (Chen
et al., 2024d) to reduce the number of image tokens.

Training Dataset For pretraining, we utilize the
773k dataset synthesized via the pipeline described
in Section 3.3 for both MMCS and image-level
pretraining. For SFT, we utilize the LLaVA-NeXT
(Liu et al., 2024b) dataset, which contains 779k
high-quality instruction-following samples.

Evaluation Our evaluation covers a comprehen-
sive suite of benchmarks categorized into three do-

mains: 1) Visual Grounding. We evaluate region
understanding and grounding capabilities on refer-
ring expression comprehension (REC) tasks. 2)
Visual Perception, including diagram/chart under-
standing, OCR-related tasks and real-world fine-
grained perception. 3) General VQA, covering
broad visual understanding and reasoning tasks.

For more details on training and evaluation,
please refer to Appendix A.

4.2 Analysis of Data Efficiency

We first investigate the data efficiency of MMCS by
varying the scale of the pretraining dataset. Specif-
ically, we compare MMCS against standard image-
level supervision across dataset sizes ranging from
0 to 600k samples. To isolate the impact of pre-
training, we utilize a constant subset of 200k ex-
amples from LLaVA-NeXT dataset for SFT. As
illustrated in Figure 4, MMCS exhibits superior
data efficiency compared to pretraining with image-
caption pairs. Remarkably, with only 50k samples,
MMCS achieves downstream performance that sur-
passes image-level pretraining on 600k samples.
We attribute this advantage to the explicit object-
entity supervision introduced in our method, which
enables the model to efficiently align visual objects
with their corresponding textual entities instead of
relying on massive-scale statistical co-occurrences.

4.3 Scaling Up Training Data and Model Sizes

To further investigate the scalability and universal-
ity of MMCS in data-abundant scenarios, we scale
up the training to utilize the full 773k pretraining
and 779k instruction-following datasets. To verify
robustness across different model sizes and archi-
tectures, we extend our evaluation to larger LLMs,
including Qwen3-8B and Llama3-8B.
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RefCOCO+ RefCOCOg

LLM Method AVG
testA  testB val testA  testB val test val

Qwen2.5 3B Caption 65.00 54.64 61.68 63.88 4749 56.62 61.27 6239 59.12
’ MMCS 80.66 68.75 75.18 7435 56.23 6549 7032 7131 70.29
Qwen3 8B Caption 8540 74.15 81.51 80.89 6498 72.82 76.61 7876 76.89
MMCS 85.02 77.80 84.21 8393 6871 7698 80.11 81.58 79.79

Llama3 8B Caption 73.29 5623 6594 70.10 50.62 60.59 63.86 64.65 63.16
MMCS 83.08 7099 78.79 7735 57.84 68.51 7238 7430 7291

Table 1: Performance on referring expression comprehension. “Caption” denotes image-level pretraining with

image-caption pairs. We report Acc@0.5 across all splits.
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Table 2: Performance on perception-centric benchmarks. We report results across multiple benchmarks
covering a diverse range of perception-centric tasks. “OCR”, “RWQA”, “VQAT”, and “V*” denote OCRBench,

RealWorldQA, TextVQA, and V-Star, respectively.

Visual Grounding We evaluate visual grounding
capabilities on referring expression comprehension
tasks. As shown in Table 1, MMCS exhibits con-
siderable improvements over the image captioning
baseline across RefCOCO/+/g datasets, achieving
an average gain of 7.9%. Notably, since MMCS
does not introduce bounding box coordinates of
visual objects during pretraining, these improve-
ments stem directly from enhanced object recogni-
tion and region understanding capability, highlight-
ing the effectiveness of object-level alignment.

Visual Perception As shown in Table 2, MMCS
consistently outperforms standard image caption-
ing paradigm in perception tasks, maintaining ro-
bust gains as data volumes and model sizes in-
crease. Our method demonstrates considerable per-
formance gains in fine-grained visual perception
tasks, achieving average improvements of 4.0%
on CVBench, 2.8% on OCRBench and 2.0% on
V-Star. These results suggest that by grounding tex-
tual descriptions to specific visual regions, MMCS
effectively mitigates the referential ambiguity in-
herent in global representations, thereby facilitating
precise visual parsing that generalizes to diverse
scenarios.

General VQA Table 3 shows that MMCS yields
improvements on general VQA tasks as well. We
attribute these gains to a dual mechanism: first,
enhanced visual perception and region understand-
ing provide a more accurate visual context; second,
the high-quality modality alignment establishes a
stronger foundation for obtaining multimodal rea-
soning capability in the SFT stage.

4.4 Compatibility with Different Vision
Encoders

Beyond tile-wise approaches, native dynamic res-
olution (Wang et al., 2024; Bai et al., 2025b) con-
stitutes another prominent strategy for processing
high-resolution images. This strategy encodes im-
ages into a variable number of visual tokens while
preserving original aspect ratios (Dehghani et al.,
2023). We demonstrate our method’s general ef-
fectiveness using Qwen2.5ViT, the vision encoder
utilized in Qwen2.5-VL (Bai et al., 2025b) which
employs this native dynamic resolution mechanism.
As evidenced in Table 2 and 3, MMCS maintains
its superior performance in this setting. These re-
sults validate our method’s compatibility across
diverse vision encoders.
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Table 3: Performance on general VQA benchmarks. We report the normalized score for MME.

Method General Perception Grounding All

Caption 51.19 55.77 59.12 55.36
Patch Aligned 51.78 56.43 66.55 58.26
MMCS 51.84 58.24 70.29 60.12
W/0 Leniity 51.45 54.23 67.55 57.74
w/o Lim 51.37 56.26 65.44 57.69

Table 4: Performance comparison with patch-level
alignment and ablation study. All experiments utilize
Qwen2.5-3B-Instruct as the LLM backbone.

4.5 Comparison with Patch-Level Alignment

We provide an empirical comparison between
MMCS and a method for patch-level alignment,
Patch Aligned (Jiang et al., 2025). To ensure a
fair comparison, we reproduce Patch Aligned using
the identical pretraining and SFT datasets as our
method. As presented in Table 4, MMCS consis-
tently outperforms the patch-level baseline across
all downstream tasks, achieving an average im-
provement of 1.9%. These results confirm that
mapping textual entities to distinct visual objects
rather than arbitrary patches establishes a more ro-
bust and semantically coherent alignment.

4.6 Ablation Study

We perform an ablation study on the components of
Eq. 5. The results in Table 4 demonstrate that both
objectives are crucial for optimal performance.

Role of Lepiity: Enforcing Semantic Precision.
Ablating the entity reconstruction loss (Lengty) Te-
sults in the most severe drop in visual perception
performance (-4.0%). This indicates that Lepgty
acts as a semantic anchor. By forcing the model
to explicitly translate visual features back into tex-
tual entities, this objective compels the projector
to encode precise and discriminative visual details,
thereby enhancing visual perception.

Role of Lyn: Facilitating Contextual Integra-
tion. Conversely, removing the language model-
ing loss (L) primarily degrades visual grounding
capabilities (-4.9%). We attribute this to Ly ’s role
in contextual integration. It encourages the model
to reason about the relationship between the visual
object and its descriptive attributes, which is critical
for both visual perception and referring expression
comprehension.

5 Further Discussion

In this section, we investigate the mechanisms un-
derlying the observed improvements by analyzing
the MLLM after modality alignment pretraining
but prior to the SFT stage.

5.1 Representation Alignment Measurement

To investigate whether MMCS achieves superior
multimodal alignment at the feature level com-
pared to standard image-level pretraining, we di-
rectly quantify vision-language representational
alignment within the MLLM. We employ three
metrics: CKA (Kornblith et al., 2019) to evaluate
global geometric correspondence, and Mutual k-
NN and CKNNA (Huh et al., 2024) to assess local
neighborhood consistency. Detailed definitions of
these metrics are provided in Appendix B.

Specifically, we input 1,000 image-caption pairs
sampled from the COCO2014 validation set into
the MLLM and extract hidden states from all lay-
ers. These states are subsequently partitioned into
visual and textual components to compute layer-
wise alignment metrics. As illustrated in Fig-
ure 5, MMCS achieves superior representational
alignment than image-level supervision. These
findings align with the hypothesis that represen-
tational alignment correlates with model capability
(Huh et al., 2024), offering a rationale for the per-
formance improvements observed in downstream
tasks.
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Figure 5: Layer-wise representation alignment. To evaluate cross-modal integration, we extract hidden states
from each LLM decoder layer for input image-text pairs and partition them by modality. We then quantify the
alignment using three distinct metrics: CKA, CKNNA and Mutual k-NN. MMCS exhibits superior representation
alignment across the majority of layers over the standard image-level pretraining.
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Figure 6: Visualization of attention maps. Each example displays a triplet containing: (Left) the original image
with a red bounding box highlighting the target object; (Middle) the attention map from an MLLM pretrained
with standard captioning; and (Right) the attention map from our MMCS method. Warmer colors indicate higher
attention weights (min-max normalized). The specific text entity driving the attention is noted below each example.

5.2 Attention Map Analysis

Figure 6 presents a qualitative comparison of atten-
tion maps. We analyze the cross-modal attention
distribution from textual entity tokens to visual
features by feeding image-caption pairs into the
MLLM. As observed, the model pretrained with
MMCS accurately attends to visual regions cor-
responding to specific textual entity descriptions.
In contrast, the model trained with image-caption
pairs often produces diffuse or misaligned atten-
tion patterns. Given that the LLM backbone is kept
frozen during pretraining, these results indicate that
training the projector with explicit object-entity cor-
respondence induces the learning of more seman-
tically precise and interpretable features. These
features align better with the LLM’s pre-existing

semantic space.

6 Conclusion

In this paper, we propose MMCS, a modality align-
ment pretraining paradigm that establishes explicit
object-entity correspondence. Our extensive ex-
periments reveal that MMCS demonstrates consid-
erable improvements in both data efficiency and
downstream performance compared to image-level
pretraining. Furthermore, we investigate the ad-
vantages of MMCS in facilitating multimodal rep-
resentation alignment from the perspective of the
internal feature space topology. Our findings high-
light the importance of object-level alignment in
developing data-efficient MLLMs with advanced
performance.



Limitations

While MMCS demonstrates considerable improve-
ments on data efficiency and downstream perfor-
mance, our current implementation primarily fo-
cuses on visual objects within natural images. The
core methodology of establishing explicit corre-
spondence between local visual features and tex-
tual entities is generalizable to broader scenarios.
Extending MMCS to domains such as chart under-
standing or scene text recognition will be further
explored in our future works.

We also acknowledge that the quality of the pre-
training data is currently bounded by the perfor-
mance of the vision expert tools employed. Devel-
oping a more scalable, high-fidelity data synthesis
pipeline to mitigate noise from these upstream mod-
els remains a critical direction for future research.
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A Implementation Details

A.1 Training Hyperparameters

Table 5 details the hyperparameters employed
for both modality alignment pretraining and SFT
stages. High-resolution images are divided into
smaller image tiles of the resolution that the ViT is
originally trained for, and encoded independently.
All experiments are conducted on 8 NVIDIA
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Hyperparameter \ Pretrain Finetune
Trainable MLP MLP+LLM
Global batch size 128 64
Learning rate le-3 2e-4
Epochs 1

Max image tiles 4+1
Optimizer AdamW

LR schedule Cosine decay
Warm up ratio 0.03

Weight decay 0

LoRAr - 32
LoRA alpha - 64
LoRA dropout - 0.05

Table 5: Hyperparameters for model training. “4+1”
indicates that the high-resolution image is divided into
at most 4 tiles with an additional thumbnail tile.

# Samples
773,779

# Objects
5,145,630

Avg. Chars
961.65

Avg. Objects
6.65

Table 6: Statistics of the synthesized pretraining
dataset. “Avg. Chars” denotes the average character
count per detailed caption, while “Avg. Objects” repre-
sents the average number of visual objects identified per
sample after filtering.

A6000 GPUs. During the SFT stage, we apply
LoRA (Hu et al., 2022) to the LLM backbone. For
8B-scale models, pretraining completes within 10
hours, while SFT completes within 20 hours.

A.2 Training Datasets

The image sources utilized in Section 3.3 in-
clude MS COCO (Lin et al., 2014), Flickr30k
(Young et al., 2014), GQA (Hudson and Manning,
2019), Objects365 (Shao et al., 2019), Openlmages
(Kuznetsova et al., 2020) and SA-1B (Kirillov et al.,
2023). We select 773k images from these sources
and apply our data synthesis pipeline to construct
the pretraining dataset. Table 6 presents a statistical
summary of the dataset, and Figure 7 provides two
illustrative examples.

For SFT, we utilize the LLaVA-NeXT dataset
(Liu et al., 2024b), which comprises 779k
instruction-following samples covering general
VQA, OCR-related tasks and document/chart un-
derstanding. Specifically, this dataset incorpo-
rates data from AI2D (Kembhavi et al., 2016),
ChartQA (Masry et al., 2022), DocVQA (Mathew
et al., 2021), DVQA (Kafle et al., 2018), GQA,
LAION-GPT4V (Schuhmann et al., 2022), OCR-
VQA (Mishra et al., 2019), ShareGPT4V (Chen
et al., 2024b), SynthDoG-EN (Kim et al., 2022)
and Visual Genome (Krishna et al., 2017).
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A black CRT computer monitor is turned on, displaying a windowed interface with
lists of text. In front of the monitor sits
a blue pen resting on it. To the right of the keyboard is a white computer mouse
on a blue mousepad. A black landline telephone with a coiled cord is placed near
the mouse. The desk surface is wooden and cluttered with various items including

a green and black notebook with a circuit board design, yellow sticky notes,

photo frame with a picture of two people is positioned near the monitor.

a container holding pens and markers, a paper clip holder, and a tray with
scissors and other office supplies. A calendar for October is hanging on the wall
to the right.
office chair. The wall behind the desk is plain and light-colored, with visible
vertical paneling

A man wearing a dark jacket, black pants, and black shoes is walking across a
crosswalk. He has short dark hair and is carrying
consists of
mounted on a metal pole displays the word \"WALK\" in orange letters. Behind
the man, a red compact car with a visible license plate is stopped at the curb.
The sidewalk is made of red brick pavers and runs alongside a modern building
with large glass windows featuring a blue-tinted pattern. Several bare trees line
the sidewalk and street. In the background, a tall red-brick apar
building with many windows stands behind

there are green-leaved frees and another multi-story building with a blue facade.
The sky is bright and mostly clear. A few other vehicles are parked along the
street further back.

with raised keys and

,and a small photo frame showing a person. Another smaller

is under the desk. On the left side of the desk, there is

or jacket is draped over the back of a black

. The crosswalk

on the asphalt road.

ment or office
. To the left,

Figure 7: Illustrative examples from the pretraining dataset. Left: The original image with annotated bounding
boxes of visual objects. Right: The dense caption of the image with successfully localized textual entities. The
textual entities are color-coded to match the corresponding grounded visual objects.

A.3 Benchmarks

We conduct a comprehensive evaluation across a
suite of benchmarks organized into three distinct
domains:

* Visual Grounding: We evaluate referring
expression comprehension capability using
RefCOCO, RefCOCO+ (Kazemzadeh et al.,
2014), and RefCOCOg (Mao et al., 2016).

Perception-centric tasks: We employ AI2D
and ChartQA for diagram and chart under-
standing; OCRBench (Liu et al., 2024¢) and
TextVQA (Singh et al., 2019) to assess OCR
capabilities; and CVBench (Tong et al., 2024),
RealWorldQA (xAI Team, 2024), and V-Star
(Wu and Xie, 2024) for real-world visual per-
ception.

General VQA: We encompass MMBench
(Liu et al., 2024d), MME (Fu et al., 2023),
MMStar (Chen et al., 2024c), and MM Vet
(Yu et al., 2024) for general visual under-
standing; MMMU (Yue et al., 2024) for multi-
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disciplinary reasoning requiring college-level
knowledge; and GQA for real-world composi-
tional visual reasoning.

To ensure reproducibility, all evaluations are con-
ducted using the Imms-eval framework (Zhang
et al., 2025).

B Representation Alignment Metrics

In this section, we provide detailed definitions of
the representation alignment metrics used in Sec-
tion 5.1. We adopt the notation from Huh et al.
(2024).

CKA CKA (Centered Kernel Alignment) reflects
the global similarity between two representation
spaces by comparing their kernel matrices. Let
¢; € R™ and ¢; € R" be vectorized features of
two modalities (e.g. language and vision). Let
Kij = I{(¢i, QZSJ) and Lij = Ii(l/)i,l/)j) be the ker-
nel matrices computed from a dataset using some
kernel-function . For an inner-product kernel, the
17-th entry of the centered counterpart of these ker-



nel matrices is given by
Lyj = (¥, ¢5) — Ea[(3s, ).

Then the cross-covariance of K and L is:

(6)

HSIC(K,L) = s Trace(KL).  (7)

1
(n—1)
Finally, CKA is obtained by normalizing this quan-
tity:

HSIC(K, L)
+/HSIC(K, K)HSIC(L, L) '(8)

CKNNA CKNNA (Centered Kernel Nearest-
Neighbor Alignment) is a relaxed variation of CKA
that emphasizes local structural alignment. It mod-
ifies the measure by replacing HSIC(K, L) with
Align(K, L), which computes Eq. 7 considering
only the k-nearest neighbors in the dataset:

Align(K,L) = Z Za(i,j)szI—:z‘j, )
i g

CKA(K,L) =

where (i, j) is an indicator function that selects
common nearest neighbors:

a(i, j) = 1[¢; € knn(¢p;)A); € knn(pj)Ai # j].

(10)
This term acts as a mask, preserving only the inter-
actions between sample ¢ and j if j is a neighbor
of ¢ in both representation spaces.

Mutual k-NN Mutual k-NN (Mutual k-Nearest
Neighbor) measures the average overlap of nearest
neighbor sets of representations. Let {¢;, 1; 2-’:1
denote a mini-batch of paired features from two
modalities, where the collections of these fea-
tures are denoted as ® = {¢1,...,¢p} and ¥ =
{t1,...,¢p}. For each feature pair (¢;, ), we
compute the respective nearest neighbor sets S(¢;)

and S(1);):
S(¢z) = dknn(¢i7 ¢ \ sz),
S(i) = dian (Vi ¥\ ¥5),
where dy,, returns the set of indices of the k-nearest

neighbors. We then measure the alignment via the
average intersection:

mnN(s, Vi) = %|S(¢i) NS, (12)

where | - | denotes the cardinality of the set.

In Section 5.1, CKA is calculated using all 1000
image-caption pairs in the dataset. For CKNNA
and Mutual k-NN, we report results with £ = 10.

1D
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