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ABSTRACT

While recent vision–language models (VLMs) achieve impressive performance
across diverse benchmarks, a substantial modality gap persists due to the dis-
tinct inductive biases of their visual and textual backbones in data, architecture,
and training objectives. Prior efforts primarily enforce cross-modal alignment by
aligning visual and textual representations of the same semantics (e.g., “a green
apple” as an image or as a caption) to exhibit high angular similarity. However,
such exact alignment can suppress modality-specific information and limit the
flexibility or expressiveness of the learned representations.
In this work, we relax such alignment constraint and instead focus on aligning
the geometric structure in vision latent space and language latent space. Inspired
by vector arithmetic phenomena in word embeddings and linear function vectors
in large language models, we propose a straightforward but effective Represen-
tational Space Alignment (RSA) loss that encourages the relative geometry of
the vision latent space to mirror that of the language latent space. Empirically,
we show that (1) unimodal backbones in existing VLMs exhibit weak structural
alignment, particularly across layers; Plus, we find that unimodal backbones of
VLMs align the best in their last layers. (2) VLMs trained with RSA loss not only
reach better cross-modal alignment, but also reach high alignment faster; and (3)
VLMs trained with RSA loss achieve consistent gains on fine-grained visual rea-
soning and perception benchmarks, including MME, MMBench, RealWorldQA,
and OK-VQA. Moreover, RSA enhances data efficiency, enabling strong perfor-
mance under limited training data. These results highlight representational struc-
ture alignment as a promising new direction for building more coherent and ma-
nipulable vision–language representations.

1 INTRODUCTION

Vision–language models (VLMs) have demonstrated remarkable performance across a wide range
of tasks. By jointly training on paired image–text data, these models learn to bridge visual and lin-
guistic semantics within a shared embedding space (Radford et al., 2021; Zhai et al., 2023; Tschan-
nen et al., 2025; Xu et al.). Despite this progress, a substantial modality gap persists between the
visual and textual representations (Liang et al., 2022; Schrodi et al.; Huh et al., 2024). This gap
arises because the vision and language backbones are exposed to fundamentally different induc-
tive biases—in data distributions, network architectures, and training objectives—which may have
hindered the emergence of strong cross-modal representations (Liang et al., 2022; Schrodi et al.).

Most existing alignment strategies address this issue by enforcing point-wise alignment during the
encoder pretraining stage, such as CLIP (Radford et al., 2021). They constrain an image and its
corresponding caption (e.g., “a green apple”) to map to the vectors with high angular similarity in
the joint space (Radford et al., 2021; Jia et al., 2021; Zhai et al., 2022; 2023; Tschannen et al., 2025;
Xu et al.). Such instance-level supervision underlies the success of CLIP (Radford et al., 2021) and
its successors (Zhai et al., 2022; 2023; Tschannen et al., 2025; Xu et al.). Yet this approach aligns
semantics only at the surface level and overlooks the geometric structure of the latent spaces (Liang
et al., 2022; Schrodi et al.). When the training objective collapses different modalities to be aligned
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Figure 1: Motivation and empirical evidence for modality gap in vision-language models
(VLMs). (a) Existing VLMs exhibits a modality gap: the relational geometry of visual and tex-
tual representations is misaligned (Liang et al., 2022; Schrodi et al.; Huh et al., 2024). Our pro-
posed RSA loss addresses this by aligning the internal geometries of image and text representations.
(b) We quantitatively show that VLMs show poor cross-modal alignment between their unimodal
backbones. Vision-only and Language-only illustrate the inherent within-modality structure, while
random baselines show expected noise-level alignment.

in direction, it may obscure modality-specific information crucial for downstream reasoning (Jiang
et al., 2023; Liang et al., 2022).

In this work, we argue that effective cross-modal understanding requires not only semantic align-
ment, but also structural alignment between modalities. Rather than enforcing direction similarity,
we aim to align the relative geometry of visual and linguistic representation spaces. Our motivation
is twofold: First, as shown in Figure 1(a), the structural organization of the language space—shaped
by distributional semantics and syntactic regularities—captures a rich manifold of semantics such
as royalty (e.g., “king” - “man” )(Mikolov et al., 2013; Merullo et al., 2024). If the vision space
could mirror this structure, the adapter or projection layer connecting the two modalities could pre-
serve more visual information and enable more faithful grounding. Second, structural alignment
opens new possibilities for representation-level manipulation, analogous to the linguistic relation
“King - Man + Woman = Queen” in word embedding space (Mikolov et al., 2013) or to the linear
function vectors in large language models (LLMs) (Merullo et al., 2024). Such operations would
facilitate controllable, language-conditioned image editing and interpretable reasoning in a unified
latent space.

To instantiate this idea, we introduce Representational Space Alignment (RSA) loss, a simple yet
effective objective that can be incorporated into common VLM (post-)training paradigms such as
LLaVA-style VLMs (Liu et al., 2023; 2024a; Li et al., 2024; Li et al.). RSA loss encourages the pair-
wise relational geometry of vision representations to match that of language representations (Figure
1(a)). Concretely, we minimize the discrepancy between pairwise distance matrices of image and
text representations within a batch, thereby transferring the structural regularities of the linguistic
manifold into the visual one. The RSA loss can be seamlessly integrated into existing multimodal
training pipelines and applied across different architectures and datasets.

Through comprehensive analysis, we first show that existing VLMs exhibit weak structural align-
ment between unimodal backbones Figure 1(b), particularly in early and mid-level layers, and
that alignment peaks near the last layers. We then demonstrate that incorporating RSA loss sig-
nificantly enhances cross-modal structural coherence: models converge faster to higher alignment
scores, achieve consistent improvements on fine-grained reasoning and perception benchmarks such
as MME (Fu et al., 2025), MMBench (Liu et al., 2024b), RealWorldQA (xAI, 2024), and OK-VQA
(Marino et al., 2019), and generalize better under limited data. Specifically, we make the following
contributions:

1. We evaluate the cross-modal structural alignment between vision and language backbones
of VLMs, and find that (1) the alignment is weak; (2) the alignment peaks near the last
layers of vision and language backbones.

2. We relax the constraint of aligning the representations of the same semantics but different
modalities to the same vectors, and introduce Representational Space Alignment (RSA)
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loss to enforce the alignment between the geometric structure of vision latent space and
language latent space.

3. We demonstrate our RSA loss not only brings alignment between unimodal backbones in
VLMs, but also better downstream performance on a suite of downstream tasks. Last, we
also show that RSA loss improves data efficiency for VLMs.

2 RELATED WORKS

2.1 VISION-LANGUAGE MODELS

Vision–language models (VLMs) seek to integrate visual perception and natural language under-
standing within a unified architecture, progressing from early contrastive dual-encoder methods to
increasingly LLM-centric multimodal systems. Initial works (Radford et al., 2021; Jia et al., 2021;
Zhai et al., 2022; 2023; Tschannen et al., 2025; Xu et al.) relied on large-scale image–text con-
trastive pretraining to learn robust cross-modal correspondences and support zero-shot recognition.
With the success of large language models (LLMs), multimodal LLMs like Flamingo (Alayrac et al.,
2022), PaLM-E (Driess et al., 2023), and BLIP-2 (Li et al., 2023b) pair a frozen vision encoder with
a pretrained LLM through lightweight projectors, demonstrating that strong multimodal capabilities
can be achieved with minimal visual adaptation. Building on this foundation, a new generation of
models—including the LLaVA family (Liu et al., 2023; 2024a; Li et al., 2024; Li et al.), MiniGPT-
4 (Zhu et al.), Qwen-VL family (Wang et al., 2024; Bai et al., 2025), InternVL family (Chen et al.,
2024b; Zhu et al., 2025; Wang et al., 2025), Cambrian (Tong et al., 2024)—employ end-to-end in-
struction tuning and scaled vision backbones to enhance open-ended multimodal reasoning. In our
work, we mainly focus on the new generation of VLMs, since these multimodal LLMs have strong
capabilities to support chain-of-though visual reasoning and to solve various downstream tasks.

2.2 CROSS-MODAL ALIGNMENT FOR VISION-LANGUAGE MODELS

A key challenge in vision–language modeling is the persistent representational gap between visual
and textual encoders. Prior works (Liang et al., 2022; Schrodi et al.) observes modality gap: in
CLIP (Radford et al., 2021), even though images and texts are encoded into a joint latent space, in
practice their embeddings remain separated and do not form a truly unified representation; they at-
tribute this modality gap to model initialization and the temperature hyperparameter in the loss func-
tion. Platonic representation hypothesis (Huh et al., 2024) argues that neural networks, regardless
of different training objectives or architectures or modalities, are converging to a shared representa-
tional space in terms of latent space geometry, and shows that the cross-modal alignment between
vision models (Oquab et al.; He et al., 2022; Radford et al., 2021) and language models (Scao et al.,
2022; Touvron et al., 2023) increases when the model increases in number of parameters. Prior
works have explored ways to mititgate the modality gap via cross-modal mutual information (Li
et al., 2025), concept space alignment (Qiu et al., 2026), and patch-level alignment (Jiang et al.,
2025). Recent works (Eslami & de Melo, 2025; Gröger et al., 2025) introduce intra-modality sepa-
ration to reach better alignment. However, majority of these works focus on aligning image and text
embeddings at instance-level. Inspired by Huh et al. (2024), we focus on cross-modal alignment in
terms of geometric structure of image and text representations. Related in spirit, Park et al. (2019)
transfers pairwise relational structure among examples rather than matching features pointwise. Our
work similarly emphasizes geometric structure, but differs in that we align vision and language latent
spaces within a VLM rather than distilling a teacher into a student.

2.3 VECTOR ARITHMETICS AND LINEAR REPRESENTATION HYPOTHESIS IN LARGE
LANGUAGE MODELS

A large body of work has shown that modern language models exhibit highly linear representa-
tional structure, where semantic relations and behaviors can be expressed through vector arithmetic
(Mikolov et al., 2013; Merullo et al., 2024) and linear function directions (Todd et al.; Park et al.)
in the latent space. These findings suggest that semantic meaning in LLMs is encoded not in indi-
vidual embeddings but in the relational geometry of the representational manifold. These findings
has direct implications of cross-modal alignment: if LLMs rely on linear, semantically organized
geometry, then visual representations must be structurally compatible with that geometry to support
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Figure 2: Illustration of the proposed Representational Space Alignment (RSA) auxiliary loss for
VLMs. Given N image-caption pairs, the vision backbone encodes image tokens and the language
backbone encodes text tokens. Average-pooled representations of each sample are used to construct
pairwise distance matrices for both modalities: the image kernel KV and language kernel KT . The
RSA loss, LRSA minimizes the discrepancy between these two kernels to encourage the vision and
language latent spaces to share similar geometric structures. This objective compliments the stan-
dard language modeling loss LLM , promoting cross-modal geometric alignment while preserving
modality-specific semantics.

effective cross-modal grounding. Motivated by this connection, our alignment objective aligns the
pairwise similarity structure of image and text representations so that visual embeddings inherit the
same geometric organization that enables linearity and compositionality in LLMs.

3 METHODS

In this section , we propose Representational Space Alignment (RSA), an auxiliary training objec-
tive that aligns the geometric structure of visual and linguistic representations instead of enforcing
instance-level vector similarity. RSA encourages the pairwise relations within the vision latent space
to mirror those within the language latent space. Figure 2 provides an overview: the RSA loss is to
compute the pairwise distances among image embeddings and text embeddings, and minimizes the
discrepancy between their relational structures. This preserves modality-specific information while
promoting consistent structural organization across modalities.

3.1 KERNEL-BASED REPRESENTATIONAL ALIGNMENT

We mainly focus on vision-language models (VLM) consisting of a vision encoder F , a large lan-
guage model (LLM) G, and a projection layer P that maps visual representations into language
latent space (Liu et al., 2023; Li et al.; Bai et al., 2025; Wang et al., 2025). Understanding how F
and G align in their latent structures is central to improving cross-modal representation learning. To
this end, we adopt a kernel-based framework for quantifying representational alignment.

Kernels offer a principled framework for analyzing latent representations, as they capture the rela-
tive geometric structure among data samples (Kornblith et al., 2019; Klabunde et al., 2025). Such
relational structures also constitute the fundamental learning signal in many machine learning algo-
rithms (Aronszajn, 1950; Smola & Schölkopf, 1998; Gupta et al., 2025). Building on this founda-
tion, we follow Huh et al. (2024)’s definition of representational alignment – a metric that measures
the similarity between the similarity structure of two representations, thus a similarity measure com-
puted over kernels.

For a batch of image-caption pairs {Ii, Ti}Ni=1, each image will be processed into image tokens and
each caption contains multiple language tokens. The encoders then produce image and caption
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representations by averaging the image and caption token representations:

z
(v)
i = F(Ii) ∈ RdF (1)

z
(t)
i = G(Ti) ∈ RdT , (2)

where dF and dT are hidden dimensions of the vision backbone and language backbone.

For each modality, we construct a kernel, which reflects the internal geometry of a latent space by
measuring the pairwise distance/similarity between data samples:

KV (i, j) = d(z
(v)
i , z

(v)
j ) (3)

KT (i, j) = d(z
(t)
i , z

(t)
j ), (4)

where d(·, ·) denotes a distance metric, such as euclidean distance and cosine distance.

To measure the alignment between the vision and language latent space, we use mutual nearest-
neighbor metric (mutual-KNN) (Huh et al., 2024), which computes the mean intersection of the
k-nearest neighbor sets induced by KV and KT , normalized by k. More details of the definition of
mutual-KNN can be found in the Appendix.

3.2 REPRESENTATIONAL SPACE ALIGNMENT

The hypothesis behind Representational Space Alignment (RSA) is that effective multimodal
alignment emerges when the geometries of vision and language latent space coincide—that is, when
the relative relations between images reflect those between their textual counterparts.

RSA loss is to minimize the discrepancy between the two kernels:

LRSA =
1

N2

N∑
i=1

N∑
j=1

(KV (i, j)−KT (i, j))2. (5)

This loss enforces structural consistency: if two captions are semantically close in language space,
their corresponding images are encouraged to be close in vision space, without requiring direct
vector equivalence. We further discuss the importance of dense image captions for RSA loss in
Section 3.4

For VLMs, RSA can be integrated as an auxiliary objective with the standard language-modeling
loss on image-captioning or visual question answering datasets:

Ltotal = LLM + λRSALRSA, (6)

where λRSA controls the strength of representational space alignment. Empirically, we find that
using euclidean distance for d(·, ·) with λRSA = 0.01 works the best.

3.3 TRAINING STRATEGIES

We adopt a multi-stage training paradigm similar to LLaVA-OneVision (Li et al.), which consists of
three stages where the training objectives and data diversity gradually increase across stages. Our
modification introduces the RSA loss throughout Stage-1 and Stage-1.5 to enhance cross-modal
structural consistency:

Stage-1: Language-Image Alignment. The goal of this stage is to align visual features with the
token embedding space of the language model. We jointly train both the vision encoder V and the
projection layer P using a combination of the RSA loss and language modeling loss. This joint opti-
mization explicitly enforces representational space alignment between V and the language backbone
G, allowing the vision backbone to better capture semantic structure from language backbone, while
preserving its visual perception capabilities.

Stage-1.5: High-Quality Knowledge Learning. This stage exposes the model to high-quality and
knowledge-rich data, including dense image–caption pairs, OCR-based datasets, and pure text cor-
pora. All model components are trainable in this stage, enabling the integration of new multimodal
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knowledge while maintaining strong language understanding. Both RSA loss and language mod-
eling loss are optimized, but RSA is applied only to image–caption pairs, since only these samples
provide semantically aligned visual and textual content suitable for structural alignment.

Stage-2: Visual Instruction Tuning. This stage teaches the model a diverse set of tasks, including
image-captioning, mathematical reasoning, various types of visual question answering (VQA) tasks
(more details about the data can be found in the Appendix). Since RSA loss is designed specifically
for semantically-aligned image–text pairs, many tasks in this stage are not suitable for RSA loss—
such as VQA (e.g., the query-answer of “What is the color of the sky? Answer: Blue.”), where a
query-answer pair only describes small portion of the visual content in the corresponding image.

3.4 DENSE IMAGE CAPTIONS FOR RSA LOSS

For the image captioning datasets, the quality and granularity of the captions used to compute RSA
loss play a critical role in shaping the alignment signal. If captions are overly short or coarse , they
fail to reflect the fine-grained semantics of the visual scene, leading to weak or noisy supervision
in the relational structure. To obtain a stronger and more informative language geometry, we use
dense image captions—detailed textual descriptions that cover multiple visual entities, attributes,
and relationships within an image.

4 MODALITY GAP BETWEEN VISION BACKBONE AND LANGUAGE
BACKBONE

Before examining the effectiveness of the auxiliary Representational Space Alignment (RSA) loss,
we first examine whether the vision and language backbones in existing vision–language models
(VLMs) are already well aligned. Understanding their intrinsic alignment provides insights into
where RSA can be most effective.

4.1 EXPERIMENTAL SETUP

We evaluate three representative open-sourced VLMs—LLaVA-OneVision (Li et al.), In-
ternVL3 (Zhu et al., 2025), and Qwen2.5-VL (Bai et al., 2025). For each model, we extract the
hidden representations from all layers of the vision backbone and the language backbone of each
VLM using image–caption samples from MSCOCO (Chen et al., 2015), Flickr30k (Plummer et al.,
2015), and Wikipedia caption dataset (WIT) (Srinivasan et al., 2021), which collectively span across
everyday scenes, human-centric photos, and encyclopedic content. On each dataset, we randomly
sample 1K image-caption pairs to compute the mutual-KNN score. We report the average over three
random seeds.

We compute the mutual-KNN score with k = 10 to quantitatively measure the representational
space alignment between vision and language backbones of a VLM. Mutual-KNN score is ranged
from 0 to 1. A higher score indicates stronger alignment between the two modalities.

4.2 BASELINES

We mainly consider the following three baselines.

Random baseline is where two sets of 1K hidden representations are randomly sampled from a
standard normal distribution, and then compute mutual-KNN score by using these two sets repre-
sentations. This can be considered as the lower bound.

Vision-only is where the mutual-KNN score is computed by using two sets of representations from
the same modality. More specifically, the mutual-KNN reflects the alignment between Qwen2.5-
VL’s vision backbone (ViT (Dosovitskiy, 2020)) and InternVL3’s vision backbone (InternViT
(Dosovitskiy, 2020)). Given that (Huh et al., 2024) has shown relatively high alignment across
different vision encoders, we thus expect Vision-only baseline to reach high alignment scores as
well, since the alignment happens within the vision modality.
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Figure 3: Layer-wise mutual-kNN alignment between vision and language backbones of LLaVA-
OneVision-7B. X-axes refer to layers of language backbone. Y-axes refer to layers of vision back-
bone. Brighter regions indicate higher mutual-KNN scores. Alignment gradually increases with
layer depth and peaks near the top layers of both modalities, suggesting that higher layers encode
more abstract and semantically aligned features. Evaluation results of all models and all datasets
can be found in the Appendix.

Language-only is similar to Vision-only, but the mutual-KNN is computed by representations from
Qwen2.5-VL’s language backbone (Qwen2-Instruct (Team et al., 2024b)) and InternVL3’s language
backbone (Qwen2.5-Instruct (Qwen et al., 2025)).

4.3 OBSERVATIONS

Figure 1(b) shows the best mutual-KNN scores across all layer-wise combinations between vi-
sion and language backbones. Compared to vision/language baselines, VLMs have much lower
mutual-KNN scores, indicating that their latent geometries remain largely unaligned. This observa-
tion suggests that current multimodal training strategies fall short of inducing deep representational
alignment between unimodal backbones. Interestingly, we also observe that the language baseline
consistently achieves substantially higher mutual-KNN scores than the vision baseline across all
datasets. This implies that language representations are far more structurally coherent and semanti-
cally organized than visual representations.

Figure 3 shows the layer-wise mutual-KNN scores across all layers of vision backbone and language
backbone. Among all datasets, the alignment score increases gradually with layer depth and peaks
near the final layers of both modalities. We attribute the stronger alignment in the top layers to the
fact that both the vision and language models encode higher-level semantic concepts in the final
layers.

In all, the observed trend motivates our proposed RSA loss, which explicitly enforces geometric
alignment between the vision and language representations. Given that the alignment reaches the
highest at the top layers of vision and language backbone, when computing RSA loss, the image and
caption representations are extracted from the last layers of vision and language backbones.

5 EFFECTIVENESS OF REPRESENTATIONAL SPACE ALIGNMENT

In this section, we evaluate the effectiveness of Representational Space Alignment (RSA) as an
auxiliary training objective. We summarize our experimental setups, and conduct experiments to
demonstrate the effectiveness of RSA loss on improving downstream performance and data effi-
ciency for VLMs.

5.1 EXPERIMENTAL SETUPS

Model Backbone. We mainly experiment with LLaVA-OneVision-1.5B and LLaVA-OneVision-7B
(Li et al.), a recent multimodal model that integrates a SigLIP visual encoder (Zhai et al., 2023) with
a Qwen2-Instruct language model (Team et al., 2024b) through a learned MLP projection layer. We
refer our model trained with RSA loss as Model-Name-RSA.
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Training Data. We employ the official LLaVA-OneVision training mixture, consisting of (1) Stage-
1 (Multimodal Pretraining): 558K image–caption pairs with dense captions; (2) Stage-1.5 (High-
quality Knowledge Learning): 4M curated multimodal examples where 3.5M samples are image-
caption pairs with dense captions, 0.5M OCR samples, and 100K pure language data. (3) Stage-
2 (Visual Instruction Tuning): 3.2M multimodal instruction samples from various tasks, such as
general knowledge understanding, visual perception, reasoning, etc. We made our best effort to
use the same splits and preprocessing steps as the official release to ensure comparability, and only
excluded few data splits that are not released.

Baseline Since both the vision backbone and the projection layer will be optimized at Stage 1 and
the data is slightly different from the original LLaVA-OneVision, we train a baseline with only the
language modeling loss for fair comparisons with our model trained with RSA auxiliary loss.

Implementation Details. All experiments are conducted on a cluster of 28 nodes × 8 A100 GPUs
(224 GPUs in total), each with 80GB of memory.

We follow LLaVA-OneVision training configuration with minor differences on learning rate at
Stage-1 since we optimize both the vision backbone and the projection layer.

RSA loss weight is set to λRSA = 0.01. For the RSA loss computation, we aggregate image rep-
resentations by averaging the image representations of the vision encoder before projection into the
language space. Given that LLaVA-OneVision adopts AnyRes strategy to increase the resolution of
image inputs, each image will be processed into one base image and multiple image patches. There-
fore, when aggregating image representations, we only aggregate over the image tokens representing
the base image (i.e., the original image) to mitigate the noise and redundancy of this average pooling
process. Detailed training configuration for each stage and additional implementation details can be
found in Appendix.

5.2 OVERALL COMPARISON TO OTHER VLMS

We evaluate on benchmarks covering three categories:

• Multidisciplinary Reasoning & Knowledge: MMMU (Yue et al., 2024), MMMU
Pro (Yue et al., 2025), MMStar (Chen et al., 2024a), ScienceQA (Lu et al., 2022), MM-
Bench (Liu et al., 2024b), and OKVQA (Marino et al., 2019).

• Chart/Document/Diagram Understanding: AI2D (Kembhavi et al., 2016),
ChartQA (Masry et al., 2022), DocVQA (Mathew et al., 2021), and Infograph-
icVQA (Mathew et al., 2022).

• General Visual Understanding & Perception: SeedBench (Li et al., 2023a), Real-
WorldQA (xAI, 2024), POPE (Li et al., 2023c), and MME (Fu et al., 2025).

Table 1 compares our model trained with RSA loss with other close- and open-sourced VLMs. The
results demonstrate that incorporating the proposed RSA loss consistently improves performance
across a wide range of benchmarks while maintaining competitive results on all others.

RSA loss improves 1.5B model across the benchmarks. Compared to the baseline, our 1.5B
model reaches higher performance on the majority of the reasoning- and knowledge-intensive tasks
(e.g., MMBench(en/cn) (+2.5/+1.6%), MMMU Pro (+1.2%)). RSA further enhances the model’s
chart/document understanding capability (e.g., DocQA (+1.2%), InfoQA (+1.7%)), as well as its
general visual perception capability (e.g., MME (+73.0)). Overall, the 1.5B model remains com-
petitive with, and often surpasses, the baseline, demonstrating that RSA loss provides significant
benefits for small VLMs.

RSA loss improves 7B model on fine-grained perception tasks. For the 7B model, RSA yields
substantial gains on tasks requiring fine-grained perception, object reasoning, and compositional
understanding (e.g., OK-VQA (+5.9%), RealWorldQA (+1.4%), and MME (+30.0)). However,
we observe that the baseline is already strong on reasoning-heavy tasks, like MMMU, using larger
model, and RSA loss has minimal impact over these tasks. This suggests that the trade-off between
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Multidisciplinary Reasoning & Knowledge

Model MMMU MMMU Pro
(standard) MMStar ScienceQA MMBench

(en)
MMBench
(cn) OK-VQA

Gemini-1.5-Pro (Team et al., 2024a) 62.2 - - - - - -
Claude 3.5 Sonnet (Anthropic, 2024) 68.3 - - - - - -
GPT-4V (OpenAI, 2023) 56.8 - 57.1 75.7 75.0 - -
GPT-4o (OpenAI, 2024) 69.1 - - - - - -

Qwen2-VL-7B (Wang et al., 2024) 41.1 - 48.0 - 83.0 80.5 -
Qwen2.5-VL-7B (Bai et al., 2025) 51.2 - 68.2 - 83.5 83.4 -
InternVL-2-8B (Chen et al., 2024c) 49.3 - 59.4 97.0 81.7 - -
InternVL-3-8B (Zhu et al., 2025) 62.7 - 68.2 - 83.4 82.2 -
Cambrian-34B (Tong et al., 2024) 49.7 - - 85.6 80.4 79.2 -

LLaVA-OneVision-1.5B 36.2 17.0 44.2 82.8 63.1 56.6 38.7
LLaVA-OneVision-1.5B-RSA 36.4 18.2 44.0 83.4 65.6 58.2 38.7
∆ +0.2 +1.2 -0.2 +0.6 +2.5 +1.6 0.0

LLaVA-OneVision-7B 45.4 25.1 57.7 93.8 80.2 76.5 46.3
LLaVA-OneVision-7B-RSA 43.7 24.4 56.6 94.1 81.3 77.9 52.2
∆ -1.7 -0.7 -1.1 +0.3 +1.1 +1.4 +5.9

Chart/Document/Diagram Understanding General Visual Understanding & Perception

Model AI2D ChartQA DocQA InfoQA SeedBench
(image) RealWorldQA POPE MME

(sum)
Gemini-1.5-Pro (Team et al., 2024a) 94.4 87.2 93.1 81.0 - 70.4 - -
Claude 3.5 Sonnet (Anthropic, 2024) 94.7 90.8 95.2 49.7 - 59.9 - -
GPT-4V (OpenAI, 2023) 78.2 78.5 88.4 - 49.9 61.4 - 1926
GPT-4o (OpenAI, 2024) 94.2 85.7 92.8 - 76.2 58.6 - -

Qwen2-VL-7B (Wang et al., 2024) 83.0 83.0 94.5 76.5 - 70.1 88.1 2327
Qwen2.5-VL-7B (Bai et al., 2025) 83.9 87.3 95.7 82.6 - 68.5 - 2347
InternVL-2-8B (Chen et al., 2024c) 83.8 83.3 91.6 74.8 76.0 64.4 - 2210
InternVL-3-8B (Zhu et al., 2025) 85.2 86.6 92.7 76.8 - 70.8 - 2415
Cambrian-34B (Tong et al., 2024) 79.7 75.6 75.5 46.0 - 67.8 - -

LLaVA-OneVision-1.5B 67.9 66.2 69.4 39.7 69.4 57.0 88.7 1563
LLaVA-OneVision-1.5B-RSA 66.4 66.0 70.6 41.4 69.1 57.3 88.2 1636
∆ -1.5 -0.2 +1.2 +1.7 -0.3 +0.3 -0.5 +73.0

LLaVA-OneVision-7B 81.1 80.4 85.9 63.6 76.1 66.7 88.7 2042
LLaVA-OneVision-7B-RSA 80.3 80.2 85.4 62.4 76.0 68.1 88.6 2072
∆ -0.8 -0.2 -0.5 -1.2 -0.1 +1.4 -0.1 +30

Table 1: LLaVA-OneVision-RSA performance across different benchmarks. ∆ shows the difference
between LLaVA-OneVision-RSA (ours) and LLaVA-OneVision (baseline). RSA objective brings
performance improvement in reasoning & knowledge-related and perception-related tasks, while
introducing minimal trade-offs on chart/document understanding tasks.
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Figure 4: RSA improves data efficiency for VLMs. We remove the intermediate Stage 1.5, thus
removing substantial amount of training data (4M) and also removing compute-intensive training of
language backbone. Across the three evaluation categories, the model trained with RSA loss learns
significantly faster and reaches stronger performance.

cross-modal alignment and downstream performance is minimal, and that RSA primarily enhances
capabilities / tasks where detailed visual understanding is most critical.

Overall, these results demonstrate the effectiveness of RSA as a simple yet powerful auxiliary loss
for the downstream performance.
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Model Img.
Agg.

Stop
Grad. ChartQA InfoQA MMMU Pro

(standard) ScienceQA MMBench
(en)

SeedBench
(image)

MME
(sum) Average

LLaVA-OneVision-0.5B - - 66.2 39.7 17.0 82.8 63.1 69.4 1563 39.4

LLaVA-OneVision-0.5B-RSA
Full yes 66.5 41.0 17.6 83.5 64.9 69.2 1556 39.8
Base yes 66.5 40.9 17.6 82.6 61.0 69.0 1592 39.4
Base no 66.0 41.4 18.2 83.4 65.6 69.1 1636 40.2

Table 2: Ablation on (1) image representation aggregation approach and (2) whether RSA loss
should update language backbone. We compare averaging over all image tokens (Full) versus only
base-image tokens (Base). Using base-image aggregation with no stop-gradient on language back-
bone yields strong performance across various benchmarks.

5.3 RSA LOSS IMPROVES DATA EFFICIENCY

Data efficiency is increasingly important as modern VLM training pipelines rely on millions of
image–text pairs, making training costly in both compute and time. Improving data efficiency can
therefore lead to faster training, reduced compute requirements, and better convergence/performance
under limited supervision. Motivated by this, we investigate whether RSA loss can improve data
efficiency by removing Stage-1.5 entirely (4M data) and training only with Stage-1 (558K data) and
Stage-2. We also train a corresponding baseline model under the same setting for comparison.

Figure 4 shows the training dynamics of models’ downstream performance (average performance
over all tasks under each category) under the reduced-data setting. Our model trained with RSA
loss not only outperforms the baseline in majority of the tasks but also reaches strong performance
substantially earlier in training. These results indicate that representational space alignment can
meaningfully enahnce the data efficiency of VLMs.

5.4 ABLATION ON IMAGE AGGREGATION AND MORE

Table 2 shows an ablation on (1) how image representations are aggregated (i.e., average-pooling
over all image tokens versus only the base-image tokens), and (2) whether gradients from RSA loss
should update the language backbone. We observe that combining the use of base-image features and
optimize the language backbone with RSA loss brings performance improvement on downstream
tasks.

In the Appendix, we conduct more experiments about (1) RSA loss improves representational space
alignment between the unimodal backbones in VLMs; (2) Ablation on distance metric (euclidean
distance versus cosine distance); (3) Ablation on the strength λRSA of RSA loss; (4) Qualitative
examples of VLMs trained with RSA loss.

6 CONCLUSION

In this work, we introduced Representational Space Alignment (RSA), an auxiliary training objec-
tive that aligns the geometric structure of vision and language latent spaces rather than enforcing
instance-level similarity. We first demonstrated that, despite the impressive performance of exist-
ing VLMs, their unimodal backbones remain weakly aligned across layers, with relatively stronger
alignment emerging only at their final layers. By integrating RSA loss into the training pipeline of
LLaVA-OneVision, we showed that representational space alignment can be learned efficiently and
leads to consistent improvements in a diverse set of benchmarks. Moreover, RSA loss enhances
data efficiency. When resource-intensive training stages are removed or a huge amount of training
data is unavailable, models trained with RSA not only achieves better results but also reaches strong
performance substantially earlier in training.

Overall, our findings highlight representational structure alignment as a promising direction for
building performant and data-efficient VLMs. Future work will explore applying RSA objective
across additional modalities (e.g., audio, video) and investigating its potential to be adapted to wider
variety of tasks.
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APPENDIX

In the Appendix, we provide the following:

• Formal definition of mutual-KNN alignment metric in Appendix A

• Details of training configurations in Appendix B

• Full layer-wise alignment evaluation in Appendix C

• Full results on the impact of RSA loss on data efficiency in Appendix D

• Results on RSA loss improves cross-modal alignment in Appendix E

• Ablation on distance metrics in Appendix F

• Ablation on strength of RSA loss in Appendix G

• Impacts of multimodal traininig on cross-modal alignment in Appendix H

• Qualitative examples of VLMs trained with RSA loss in Appendix I

• Additional discussion on limitations in Appendix J

A MUTUAL K-NEAREST-NEIGHBOR ALIGNMENT METRIC

Prior works have proposed alignment metrics to measure the alignment between two latent spaces,
such as CKA (Kornblith et al., 2019), Unbiased CKA (Song et al., 2012), and SVCCA (Raghu
et al., 2017). Following Huh et al. (2024), we use mutual K-Nearest-Neighbor alignment metric
(mutual-KNN) to measure the alignment between the vision backbone and language backbone of a
vision-language model (VLM).

We focus on vision-language models (VLM) consisting of a vision encoder F , a large language
model (LLM) G, and a projection layer P . For a batch of image-caption pairs {Ii, Ti}Ni=1, each
image will be processed into image tokens and each caption contains multiple language tokens. The
encoders then produce image and caption representations by averaging the image and caption
token representations:

z
(v)
i = F(Ii) ∈ RdF (7)

z
(t)
i = F(Ti) ∈ RdT , (8)

where dF and dT are hidden dimensions of the vision backbone and language backbone. Thus, for
this batch of image-caption pairs, we obtain Z(v) = {z(v)i }Ni=1 and Z(t) = {z(t)i }Ni=1. For each
(z

(v)
i , z

(t)
i ) pair, we compute the respective nearest neighbor sets S(z(v)i ) and S(z

(t)
i ). We compute

mutual-KNN by measuring the average intersection between these two sets via

mutual-KNN =
1

k
|S(z(v)i ) ∩ S(z

(t)
i )|, (9)

where | · | is the size of the intersection.

B TRAINING CONFIGURATIONS

To facilitate reproducibility of our work, Table B.1 summarizes the training configurations and se-
tups used in our training pipeline. We incorporate our proposed Representational Space Alignment
(RSA) loss as an auxiliary loss into Stage-1 and Stage-1.5.

C FULL LAYER-WISE ALIGNMENT EVALUATION

Figure C.1 shows the layer-wise mutual-KNN scores across all layers of vision backbone and lan-
guage backbone of LLaVA-OneVision (Li et al.), Qwen2.5-VL (Bai et al., 2025), and InternVL3
(Zhu et al., 2025) on MSCOCO (Chen et al., 2015), Flickr30k (Plummer et al., 2015), and Wikipedia
caption dataset (WIT) (Srinivasan et al., 2021).
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Stage-1 Stage-1.5 Stage-2
Language-Image Alignment High-Quality Knowledge Learning Visual Instruction Tuning

Vi
si

on Resolution 384 384×{2×2, 1×{2,3}, {2,3}×1} 384×{{1×1}, · · · , {6×6}}
#Tokens 729 Max 729×5 Max 729×10

D
at

a Dataset LLaVA-ReCap-LCS High-Quality Knowledge Data LLaVA-OneVision-Single-Image
#Samples 558K 4M 3.2M

M
od

el Trainable Vision Backbone V & Projector P Full Model Full Model
1.5B LLM 635.4M 2.2B 2.2B
7.6B LLM 960.0M 8.0B 8.0B

Tr
ai

ni
ng

RSA Loss ✔ ✔ ✘
λRSA 0.01 0.01 -
Batch Size 256 256 256
LR: Vision V 2×10−6 2 ×10−6 2 ×10−6

LR: {Projector P , LLM V} 2×10−6 1 ×10−5 1 ×10−5

Epoch 1 1 1

Table B.1: Detailed configuration for each training stage of the LLaVA-OneVision model with Rep-
resentational Space Alignment (RSA) loss. The table outlines the progression of vision parameters,
dataset characteristics, model specifications, and training hyperparameters across different stages.
We apply RSA loss as an auxiliary loss at Stage-1 and Stage-1.5.

MSCOCO Flickr30K WIT

LL
aV
A
-O
ne
Vi
si
on

-7
B

Q
w
en
2.
5-
VL

-7
B

In
te
rn
VL

-8
B

Figure C.1: Layer-wise mutual-kNN alignment between vision and language backbones of LLaVA-
OneVision (Li et al.), Qwen2.5-VL (Bai et al., 2025), and InternVL3 (Zhu et al., 2025). X-axes refer
to layers of language backbone. Y-axes refer to layers of vision backbone. Brighter regions indicate
higher mutual-KNN scores. Alignment gradually increases with layer depth and peaks near the
top layers of both modalities, suggesting that higher layers encode more abstract and semantically
aligned features.

Among all datasets, the alignment score increases gradually with layer depth and peaks near the
final layers of both modalities. We attribute the stronger alignment in the top layers to the fact
that both the vision and language models encode higher-level semantic concepts in the final layers.
Interestingly, we also observe that for the same dataset, different VLMs exhibit highly similar layer-
wise alignment patterns. This consistency likely arises because their vision backbone and language
backbone share comparable pretraining objectives.
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Figure D.1: RSA improves data efficiency for VLMs. We remove the intermediate Stage 1.5, thus
removing substantial amount of training data (4M) and also removing compute-intensive training
of language backbone. Across a diverse set of downstream tasks, the model trained with RSA loss
learns significantly faster and reaches stronger performance.

D FULL RESULTS ON THE IMPACT OF RSA LOSS ON DATA EFFICIENCY

Figure D.1 shows the per-task performance of LLaVA-Onevision-7B (with or without RSA loss)
over the Stage-2 training. For almost all the tasks, RSA-trained model not only outperforms the
baseline, but also reaches consistently faster convergence, particularly in the early learning phase,
indicating that a well-aligned representational structure between the unimodal backbones of a VLM
provides an effective supervision signal.
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Figure E.1: RSA loss improves cross-modal alignment for VLMs across multimodal training stages.
We report mutual-KNN scores between the vision and language backbones after each stage of multi-
modal training (Stage-1, Stage-1.5, and Stage-2), comparing models trained with and without RSA
loss. The red dashed line indicates the alignment before any multimodal training. Compared to
model trained without RSA loss, our model trained with RSA loss consistently yields higher align-
ment across all datasets and training stages.

E RSA LOSS IMPROVES CROSS-MODAL ALIGNMENT FOR VLMS

To understand how RSA loss can impact alignment between the unimodal backbones of a VLM
throughout multimodal training, we compute mutual-KNN after each training stage of LLaVA-
OneVision-7B with or without RSA loss.

Figure E.1 shows the mutual-KNN scores of LLaVA-OneVision-7B after Stage-1/-1.5/-2 of mul-
timodal training pipeline. Across MSCOCO, Flickr30K, and WIT, our model trained with RSA
loss consistently achieve higher cross-modal alignment than the model without RSA at every stage.
Though RSA loss is only applied at Stage-1 and -1.5, the cross-modal alignment keeps stable after
Stage-2, suggesting that the alignment established in early training stages can be preserved through
subsequent instruction tuning. Interesting, we observe a substantial drop on the alignment before
any multimodal training and after Stage-1. This suggests that multimodal training rapidly reshape
the vision latent space for multimodal tasks such that the cross-modal alignment is compromised in
early training stages and improved in later stages.

F ABLATION ON DISTANCE METRIC

We conduct an ablation study on the choice of distance metric for RSA loss computation. We
explore Euclidean distance and cosine distance, where Euclidean distance is considered suboptimal
due to the high-dimensionality of the vision and language latent space, and cosine distance is a better
choice. To save compute resources, instead of following the full training pipeline for this ablation,
we conduct further finetuning on the off-the-shelf LLaVA-OneVision-7B with Stage-1 data (Section
5.1 with λRSA = 0.01 for Euclidean-based RSA and λRSA = 1.0 for cosine-based RSA. Ablation
on the strength λRSA of RSA can be found in Appendix G.

Table F.1 shows the mutual-KNN scores before and after further finetuning LLaVA-OneVision-7B.
We observe that further finetuning with RSA loss bring better alignment between the vision and lan-
guage backbones, demonstrating the effectiveness of RSA loss on cross-modal alignment. Surpris-
ingly, Euclidean-based RSA benefits the alignment between vision and language backbones more
than the cosine-based one. This determines our choice of distance metric for RSA loss computation.

G ABLATION ON STRENGH OF RSA LOSS

We conduct an ablation study on the strength λRSA of RSA loss. For Euclidean-based RSA, we
consider λRSA ∈ {1.0, 0.1, 0.01}, given that we find the values of Euclidean-based RSA loss is
usually very large empirically. For cosine-based RSA, we try λRSA ∈ {1.0, 10.0, 100.0}, given that
we observe the values of Euclidean-based RSA loss is usually very small. We run the same further
finetuning setup as in Appendix F on LLaVA-OneVision-7B on Stage-1 data.
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MSCOCO Flickr30K WIT
Random 0.010

Vision-only 0.530 0.440 0.510
Language-only 0.830 0.810 0.800
Off-the-shelf 0.174 0.107 0.078

Euclidean w/o RSA 0.171 0.100 0.071
Distance w/ RSA 0.203 0.120 0.094

∆ +0.032 +0.020 +0.023

Cosine w/o RSA 0.171 0.100 0.071
Distance w/ RSA 0.185 0.109 0.013

∆ +0.015 +0.009 -0.058

Table F.1: Ablation study on distance metrics used for RSA loss. We compare Euclidean and cosine
distance when computing the RSA loss by further finetuning the off-the-shelf LLaVA-OneVision-
7B on Stage-1 data. For both metrics, RSA consistently improves mutual-KNN alignment across
MSCOCO, Flickr30K, and WIT, confirming the effectiveness of the RSA objective. Interestingly,
Euclidean-based RSA yields larger gains than cosine-based RSA despite the high dimensionality of
the latent spaces, motivating our choice of Euclidean distance as the distance metric for RSA.

MSCOCO Flickr30K WIT
w/o RSA 0.171 0.100 0.071

Euclidean 1.0 0.120 0.071 0.055
Distance 0.1 0.164 0.096 0.072

0.01 0.203 0.120 0.094
Cosine 1 0.185 0.109 0.013
Distance 10 0.180 0.107 0.015

100 0.165 0.097 0.015

Table G.1: Ablation on the strength λRSA of the RSA loss. We further finetune off-the-shelf LLaVA-
OneVision-7B on Stage-1 data to evaluate how different loss weights affect cross-modal alignment.
Euclidean-based RSA with λRSA = 0.01 achieves the highest alignment, which determines our use
of this setup for our main experiments.

Table G.1 shows the mutual-KNN scores with different λRSA for Euclidean- and cosine-based RSA.
We observe that λRSA=0.01 for Euclidean-based reaches the best alignment between vision and
language backbones across all setups, motivating us to use this setup for our main experiments. We
also find that when Euclidean-based RSA is paired with larger λRSA, the alignment will decrease,
indicating that alignment-wise overfitting happens during the further finetuning on Stage-1 data.
More aggressive sweep of λRSA can be done in order to look for a better combination between the
distance metric and λRSA.

H IMPACT OF MULTIMODAL TRAINING ON CROSS-MODAL ALIGNMENT

It remains unclear how multimodal training (i.e., Stage-1/-1.5/-2 in Table B.1 would impact the
alignment between the unimodal backbones in VLMs. Therefore, we evaluate the alignment be-
tween unimodal backbones of LLaVA-OneVision (Li et al.) and InternVL3 (Zhu et al., 2025) before
and after multimodal training. For the alignment after multimodal training, we directly measure the
alignment on the off-the-shelf models. For the alignment before multimodal training, we measure
the alignment between the vision backbone and language backbone before any multimodal training.

Table G.2 shows the mutual-KNN scores before and after multimodal training. For both LLaVA-
OneVision-7B and InternVL3-8B, the alignment between unimodal backbones before and after mul-
timodal training changes only marginally, and even decreases on some datasets. This indicates that
multimodal training primarily teaches the models to perform well on the training tasks, rather than
aligning the internal representations of the vision and language backbones. Compared to LLaVA-
OneVision-7B, InternVL3-8B reaches better alignment after the multimodal training. This can be
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MSCOCO Flickr30k WIT
Random - 0.010

Vision-only - 0.530 0.440 0.510
Language-only - 0.830 0.810 0.800

Before 0.206 0.128 0.064
LLaVA-OneVision-7B After 0.174 0.107 0.078

∆ -0.032 -0.021 +0.014

Before 0.223 0.119 0.078
InternVL3-8B After 0.218 0.123 0.119

∆ -0.005 +0.004 +0.041

Table G.2: Alignment between unimodal backbones before and after multimodal training. The
low alignment differences before and after multimodal training indicate that large-scale multimodal
training does not substantially improve the alignment between unimodal backbones, and in some
cases pushes the modalities further apart (e.g., MSCOCO). The substantial gap relative to Vision-
only and Language-only highlights that existing multimodal training pipelines do not resolve the
modality gap yet, motivating the need for explicit alignment objectives such as RSA.

caused by the fact that InternVL3-8B optimizes all parameters throughout its multimodal training.
However, there remains a substantial gap between cross-modal alignment and Vision-/Language-
only. These findings validate that existing multimodal training pipelines do not resolve the modality
gap, and thus motivate the need for explicit alignment objectives.

I QUALITATIVE EXAMPLES OF VLMS

Figure I.1 shows evaluation examples of LLaVA-OneVision-7B trained with or without RSA loss
on OK-VQA (Marino et al., 2019). In general, model trained with RSA loss can understand and
reason over the image and instruction better than the model trained without RSA loss, indicating
that cross-modal alignment can benefit visual perception, understanding and reasoning capabilities
of VLMs.

J LIMITATIONS

While our work demonstrates that aligning representational space structures across vision back-
bone and language backbone of VLMs improves both cross-modal alignment and downstream task
performance, several limitations remain. First, an ablation on which layers of the vision and lan-
guage backbones are most suitable for RSA has not been conducted yet. We only apply RSA to
the final layers, but aligning earlier or multiple layers may yield better effects. Second, our explo-
ration of distance metrics is limited to Euclidean and cosine distance; other relational measures (e.g.,
Wasserstein, Manhattan distances) may provide stronger alignment signals. Third, all experiments
are conducted on 1.5B- or 7B-scale models, and it remains unclear how RSA scales to even larger
VLMs. We leave a more exhaustive study of layer choices, distance metrics, and model scales to
future work.
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LLaVA-OneVision-7B-RSA LLaVA-OneVision-7B

User: What sport can you use this for?
When the provided information is 
insufficient, respond with 'Unanswerable'.

Model: Motorcycle racing

User: What sport can you use this for?
When the provided information is 
insufficient, respond with 'Unanswerable'.

Model: Motorcross

User: Name the type of plant this is?
When the provided information is 
insufficient, respond with 'Unanswerable'.

Model: Vines

User: Name the type of plant this is?
When the provided information is 
insufficient, respond with 'Unanswerable'.

Model: Unanswerable

User: Which part of this animal would be in use 
of it was playing the game that is played 
with the items the man is holding?
When the provided information is 
insufficient, respond with 'Unanswerable'.

Model: Mouth

User: Which part of this animal would be in use 
of it was playing the game that is played 
with the items the man is holding?
When the provided information is 
insufficient, respond with 'Unanswerable'.

Model: Tail

User: Why might someone go to this place?
When the provided information is 
insufficient, respond with 'Unanswerable'.

Model: Shop

User: Why might someone go to this place?
When the provided information is 
insufficient, respond with 'Unanswerable'.

Model: Unanswerable

User: Is this at a salt water beach or a lake?
When the provided information is 
insufficient, respond with 'Unanswerable'.

Model: Unanswerable

User: Is this at a salt water beach or a lake?
When the provided information is 
insufficient, respond with 'Unanswerable'.

Model: Salt water

Figure I.1: Evaluation examples on OK-VQA on LLaVA-OneVision-7B trained with or without
RSA loss.
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