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Abstract

Multimodal language models can process both images
and texts, yet existing studies often find that naively incor-
porating visual information fails to improve, and can even
degrade the performance of the language model. As a result,
the language model backbone is usually kept fixed in mul-
timodal setups. Nevertheless, vision and language are the
two primary ways through which humans perceive and un-
derstand the world. A large language model (LLM) trained
solely on text lacks direct grounding in the physical world,
suggesting that, if integrated properly, visual input should en-
hance rather than harm its perceptual and representational
capacities. However, how to integrate vision information
so that it benefits LLMs remains an open challenge. In this
paper, we propose Cross-Modal Alignment Regularization
(CMAR), a method designed to improve LLMs by aligning
their internal representations with those of vision models
during training. Specifically, in addition to the standard
next-token prediction objective, we introduce an alignment
objective: the language model is trained to make its internal
representations consistent with those of a pretrained vision
model. This is achieved using an extra paired image—text
dataset, where the text is fed to the language model and
the image to the vision model to get language and vision
representations. We use popular alignment measures to cal-
culate the alignment score, and the model is encouraged to
maximize this score, thereby bringing the internal represen-
tations of the language and vision models closer together.
Experimental results demonstrate that CMAR consistently
improves language models in both pre-training and fine-
tuning settings for various model families, downstream tasks,
and alignment measures.

1. Introduction

Perception, as Marr argued, is not just passively record-
ing what we see but actively rebuilding the structure of the
world [26]. Through hierarchical representations, vision
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transforms sensory signals into a structured understanding
of reality. The purpose of vision, in Marr’s words, is “knowl-
edge of the world around us, not knowledge of the image
itself.” This insight goes beyond visual science; it defines
the core of intelligence: to build world models that reflect
what exists, where it is, and how it relates to everything else.

Language models, though trained only on text, are also
world-modeling systems [12, 57]. They infer latent causal
and relational structures from symbolic co-occurrences, re-
constructing a semantic world from language alone. Yet
this world is incomplete: text is rich in labels but poor in
sensory content. it encodes relations but not the perceptual
substrate that grounds them. For instance, a model may learn
that “apples are red” or “the sun rises in the east,” yet it has
never seen redness nor experienced direction; it manipulates
descriptions of perception without perception itself. Text
teaches the model that “ice is cold” and “objects fall,” but it
never allows the model to feel coldness or see falling. The
model thus constructs a symbolic physics of the world, co-
herent yet detached from perception. As a result, language
models often reason fluently yet hallucinate freely. Words
can describe the world, but they cannot perceive it. Between
symbol and sensation lies the missing link of intelligence:
perception. If vision discovers what is present and where,
reasoning seeks to uncover why and what follows. Both rely
on internal representations that capture the world’s struc-
ture at different levels of abstraction. This complementarity
suggests a natural question:

Can representations learned by vision models enhance
those of language models?

To answer this question, previous methods attempt to
(1) employ models from one modality to generate training
data for another, such as language models creating vision
datasets [48] or programs synthesizing images [5]. Although
effective, these methods rely on an indirect and costly "data
bridge," resulting in limited knowledge transfer; (2) align
representations across modalities explicitly during train-
ing [19, 40, 64, 65], by directly transferring knowledge in
embedding space or jointly training Vision-Language Mod-
els (VLMs). Although more direct and effective, these meth-
ods either require multi-stage training procedures or are
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Figure 1. (a) Motivation. Previous works usually freeze the language model when incorporating the visual modality; otherwise, the
additional modality often hurts its performance. However, our goal is for the vision modality to benefit the language model [2, 24, 32, 66].
(b) Our Method. We incorporate representation alignment with other modalities, such as vision models, during the training stage of the

language model to improve its performance.

limited specifically to VLMs.

To address these limitations, we propose a Cross-Modal
Alignment Regularization (CMAR) approach specifically
designed to enhance language models by directly aligning
their representations with vision models.

Exploring this question is important. Finding a way to
enhance LLMs can improve the capabilities of current lan-
guage models. Previous methods (e.g., Contrastive Repre-
sentation Distillation [55], Cross Modal Distillation [11])
primarily conducted representation distillation in training
vision models. To our knowledge, research exploring the op-
posite direction is scarce, mainly due to the counterintuitive
idea of improving powerful LLMs using vision models.

Addressing this question is challenging. Models like
GPT-40, Deepseek-VL, and Flamingo [2, 24, 32, 66] show
that integrating image inputs into LLMs, VLMs, or Multi-
modal LLMs (MLLMs) offers minimal improvement and
sometimes even hurts their performance on language-only
tasks. Thus, a common practice in MLLM or VLM training
is to keep the LLM fixed to avoid performance decline from
visual integration.

The Platonic Representation Hypothesis [18] observes a
positive correlation between language-vision representation
alignment in off-the-shelf models and language model per-
formance on Hellaswag [62]. This correlation suggests the
performance of language models is related to their alignment
with vision models. Therefore, it is natural to wonder if inte-
grating this alignment directly into the optimization process
can help.

In CMAR, we directly align hidden representations of
a language model with those of a fixed, pre-trained vision
model during training. Our method introduces a regulariza-
tion term to the objective function of the language model,
encouraging alignment with specific vision model layers.
Experimental results demonstrate that CMAR consistently
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improves performance in both pre-training and fine-tuning

settings across tasks involving multi-task language under-

standing, causal reasoning, commonsense reasoning, and
mathematical reasoning.

We empirically validate our approach in both fine-tuning
and pre-training settings. In the pre-training scenario,
CMAR achieves 4.33% accuracy improvement on COPA
(causal reasoning) and 1.58% on LAMBADA (language
modeling). When fine-tuning, CMAR also shows gains
across six benchmarks, including 2.65% on GSM8K (math-
ematical reasoning) and 1.35% on Winogrande (common-
sense reasoning).

In summary, the contributions of our method three folds:
* We introduce a cross-modal alignment regularization
method that enables vision representations to benefit lan-
guage models, overturning the belief that incorporating
visual modalities harms language modeling performance.
Our method is free from constraints in traditional distilla-
tion methods, such as shared architecture and feature di-
mensionality, by performing alignment through dimension-
agnostic similarity measures (e.g., kernel- or correlation-
based metrics), which operate on the structure of represen-
tations. This makes our approach broadly applicable.

* We validate our approach in both pre-training and fine-
tuning settings across various model families, downstream
tasks, and alignment measures. CMAR consistently im-
proves language model performance, opening new avenues
for language model training.

2. Related Work

In this section, we review existing approaches in multi-modal
representation alignment (Section 2.1), unimodal alignment
methods (Section 2.2), and model merging techniques (Sec-
tion 2.3), highlighting how our approach addresses their



limitations and extends beyond current methodologies.

2.1. Multimodal Representation Alignment

Multi-modal alignment integrates cross-modality informa-
tion to enhance model robustness. Prior methods rely on
outputs from one modality to augment another. For exam-
ple, [48] and [36] generate synthetic images via language
models for training vision models; [5] creates controlled
images through programs. In robotics, [17] utilizes language
models for zero-shot task execution, and [23, 38, 42] em-
ploy language knowledge to guide robotic actions. While
effective, such indirect approaches limit cross-modal repre-
sentation alignment. In contrast, our method removes this
limitation, directly aligning LLMs to the vision model in the
representation space at specific layers to improve LLMs.

2.2. Unimodal Representation Alignment

Representation alignment within a single modality has re-
ceived considerable attention in recent deep learning re-
search. Examples include sharing task vectors across
tasks [25], aligning diffusion models with advanced vision
models [60], and enhancing tokenization with vision seman-
tics [4]. Additionally, [45] fine-tunes language models using
synthetic data for improved coherence, [52] shows alignment
enables training of previously untrainable networks, and [37]
aligns vision encoders with action decoders. ARDTs [9]
further distills large language models into simpler decision-
tree structures. Unlike the unimodal methods, our method
is aimed at using alignment between vision and language
modalities to improve LLMs.

2.3. Model Merging and Knowledge Distillation

Model merging methods [1, 27, 44, 58, 59] combine multi-
ple pre-trained models to result in a model with improved
performance, but require identical architectures and feature
dimensions. Similarly, model distillation approaches, such
as Knowledge Distillation [16] and Contrastive Represen-
tation Distillation [55], operate under similar restrictions.
Cross Modal Distillation [11] expanded distillation to mul-
tiple visual modalities, yet cross-modality between vision
and language remains unexplored. Practical applications of
such techniques often require methods operating on the same
architectures and dimensions, motivating our method to op-
erate agnostic to architecture configuration of the models.
Our research addresses these limitations by supporting distil-
lation and merging without requiring identical architectures
or dimensions across vision and language modalities.

3. Method: Cross-Modal Alignment Regular-
ization for Language Model Training

Our goal is to enhance the language model by leveraging
knowledge from a fixed pre-trained vision model. Traditional
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regularization methods, mostly designed for training vision
models, operate within a single modality and ignore rich
semantic structures from other modalities. In contrast, our
proposed Cross-Modal Alignment Regularization (CMAR)
directly encourages the language model to align its interme-
diate representations with those of the vision model, guiding
it to learn more robust and semantically grounded features.
As the training workflow illustrated in Figure 2, CMAR is
applicable for both training and fine-tuning language models.

3.1. Language and Vision Representations

To implement CMAR, we first require an image-text dataset
containing paired text-image samples. We process these two
modalities using (i) a language model (LM) being trained,
and (ii) a fixed pre-trained vision model that remains un-
changed during training.

Language Model Representations. The language model
takes an input and forwards it through all layers. By default,
we extract its hidden representation from the layer-of-your-
choice; see Section 5 for the ablation study on different
layers). We define H'(f) € RP*It a5 the language model
representation for a mini-batch of size B, where 6 denotes
the parameters of the LM and d, is the dimensionality of
the representation.

Vision Model Representations. For corresponding im-
ages, we use a fixed, pre-trained vision model to generate
visual features. Various vision models (e.g., DINOv2 [33],
MAE [14], or CLIP [43]) can be employed, please see Ap-
pendix for all vision models. We denote the vision model’s
output for the same mini-batch as H? () € R4V where
 represents the fixed parameters and dy denotes its fea-
ture dimensionality. Note that matching dimensionalities
(dy, = dy) is not required, as many alignment metrics (e.g.,
CKA) are inherently invariant to dimensionality.

3.2. Cross-Modal Alignment

To align language and vision representations, we introduce
an alignment function that measures the similarity between
the two feature sets. Higher values indicate stronger align-
ment. In practice, one can choose from a range of similarity
measures like kernel similarity and distance measures.

Alignment Measure. Formally, let H?(p) € RB*4v and
H'(9) € RB*4L be the vision and language features for
a mini-batch of size B. We define a similarity function:
S(H"(¢), H'(9)) € R, which outputs a scalar that is nor-
malized into the interval [0, 1], depending on the metric used.
For example, one can adopt a dot-product based measure,
use a radial basis function (RBF) kernel, or compute Pearson
correlation coefficients. The key requirement is that higher
scores reflect better alignment between the two modalities.
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Figure 2. The Workflow of the Training Process. Text and image inputs are processed to generate language and vision representations
respectively, which are used to calculate the alignment score using similarity measures (e.g. kernel similarity measures and direct distance
measures). The overall objective augments the cross-entropy loss with our proposed alignment regularization term to update the language
model using backpropagation. Note that the Pre-trained Vision Model is fixed.

3.3. Training Objective

We integrate this alignment score into the training loss as
a regularization term. Intuitively, we would like to maxi-
mize the similarity S(H" (), H'(6)). Thus, we define our
alignment loss as:

M

Lalign(aa(p) = Z[l - S(HU(QD)? Hl(e))}a

i=1

ey

where M is the number of mini-batches. By minimizing
Lalign, we maximize the similarity score S.

Combined Training Loss. We then add this alignment
loss to the standard language modeling loss, usually the
negative log-likelihood (NLL) or cross-entropy loss:

0", " = argrglin LNLL(H) + )\Lalign(eﬁp)
N

|- @

Note that ¢ is not updated since we keep the vision model
completely fixed; in practice, we set V, = 0. The scalar
A balances the importance of the language modeling objec-
tive versus cross-modal alignment. In our experiments, we
determine A via hyperparameter sweeping.

3.4. Simple Implementation

CMAR can be efficiently implemented without specialized
operations (Algorithm 1). Computing alignment within mini-
batches controls memory usage and simplifies integration
into existing language model pipelines. We show in Sec-
tion 4 that CMAR is applicable and effective for both pre-
training and fine-tuning the language model.
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4. Experiments on Pre-training and Fine-tuning
Language Models with CMAR

To investigate whether alignment with vision models benefits
language models trained from scratch, we first apply CMAR
during pre-training and then evaluate the performance on
downstream tasks.

4.1. Experiment Setup

4.1.1. Models and Datasets.

Models Used for Pre-training We use GPT-2 (124M) [39]
and adapt the pipeline from NanoGPT [20]. GPT-2 is trained
from scratch on the OpenWebText [10] dataset, which is a
large-scale text corpus for text generation.

Models Used for Fine-tuning We experiment with several
families of large language models, including Mistral, Phi-
3, Qwen, DeepSeek R1-Distill models, and Llama-3 series.
Unless otherwise specified, the fine-tuning pipeline follows
hyperparameter settings similar to those used for GPT-2.

4.1.2. Baseline and Variants of CMAR.

We compare baseline and variants of CMAR as follows:

(1) Baseline. We use the language model training
without regularization term as the baseline to compare our
method with.

(2) KL-Distillation [16, 35]. In the absence of shared
output space or soft labels, we approximate distillation by
minimizing the KL divergence between the temperature-
scaled similarity distributions. This acts as a soft alignment
between the vision and language representations.

(3) InfoNCE [31]. InfoNCE is used as the objective
function for training CLIP [40] that maximizes the similar-



Algorithm 1 Train Language Models with CMAR

1:
2: Initialize parameters 6

3: AlignmentScore;, ;i;, < ComputeAlign(LanguageModel, Dimg—text)

4: fort =1toT do

5: (X, X[1:]) ~ Dian; Lnir = CE(LanguageModel(X), X
6: (Xirnga }/txt) ~ Dimg—text

7: H' = HiddenStates(LanguageModel, Yixt);

8: H" = HiddenStates(VisionModel, Xjng)

9: Lypn+ = CE(Lamguachodcl(tht)7 Yixt[1 ])

10: Lajign =1 — Al'1g1r1mentMeasulre(H"7 Hl)

11: Loss < Ln1L, + A Lalign

12: Backpropagate Loss and update 6

13: end for
14: AlignmentScore

after

[1)

+ ComputeAlign(LanguageModel, Dimg—text)

# Dy Language dataset for training, Dime texe: image-text dataset, 7: max iterations.

> Initial alignment score

> Fixed, pre-trained vision model
> Cross-entropy loss for text in image-text pairs
> Proposed alignment measures

> Final alignment score

CE: Cross-entropy loss; AlignmentMeasure: A chosen similarity measure (e.g., correlation, kernel-based similarity).
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Figure 3. Experimental Results for Pre-training GPT-2. Results
averaged over 5 runs indicate CMAR consistently improves perfor-
mance on all six datasets.

ity between matching image-text pairs and minimizes the
similarity for non-matching pairs.

(4) Kernel Metrics ( CKA ). Kernel-based similarity
metrics compare the structural relationships between fea-
ture spaces by applying kernel functions before computing
alignment. These metrics capture how closely the representa-
tion structures of different modalities correspond. We adopt
Centered Kernel Alignment (CKA) [22] as a representative
kernel metric in this paper.

4.1.3. Vision Models and Image-Text Dataset Used for
Calculating the Alignment Score.

We align the language model with seven different types and
sizes of vision models, including MAE [13], DinoV2 (four
sizes) [33], CLIP [40], and AugReg [51]. We obtain image
caption pairs with caption length of 10 words from the SA-
1B [21] dataset alignment.
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4.1.4. Evaluation Datasets.

Evaluation Datasets Used for Pre-training. We evalu-
ate on six datasets spanning next-token prediction, causal
reasoning, and commonsense reasoning tasks: AI2 Reason-
ing Challenge (Challenge) [6], AI2 Reasoning Challenge
(Easy) [6], COPA [28], LAMBADA, [34] SWAG [61], and
WikiText [29]. A summary is provided in Appendix.

Evaluation Datasets Used for Fine-tuning. Following
CoCoMix [53] and Deepseek-R1 [8], we evaluate our model
on a diverse set of tasks ranging from language modeling,
commonsense reasoning, and knowledge-intensive QA to
mathematical reasoning, covering widely used benchmark
datasets and demonstrating its broad robustness.

4.2. Main Results

A common assumption in the community is that adding
visual signals to language-model training often hurts pure-
language performance. Our findings challenge this view:
with a frozen vision encoder and no inference-time modali-
ties, CMAR yields consistent improvements across diverse
LLM:s and tasks, showing that visual priors can offer gains.

Main Results for Pre-training Language Models. To
assess the improvement in the language model resulting
from being aligned with a vision model during pre-training,
we apply CMAR to GPT-2 and evaluate on six standard
benchmarks. As shown in Figure 3, all CMAR variants
( KL-distillation , InfoNCE , and CKA ) outperform the
Baseline in average performance.

CMAR-CKA achieves the highest overall average accu-
racy (+1.20% over baseline), followed closely by CMAR-
InfoNCE (+1.05%) and CMAR-KLD (+0.96%). CMAR-
CKA Ieads on four out of five datasets. Specifically, CMAR-
CKA achieves 4.33% performance gain on COPA and 1.15%
gain on AI2 Reasoning (Easy). Meanwhile, other variants



Table 1. Experimental Results under Fine-Tune Setting. We evaluate CMAR across seven language models on six widely-used benchmarks. We compare

CMAR using KL-Distillation , InfoNCE , and CKA as different alignment measures, and observe consistent improvements over the Baseline . CMAR

provides larger gains on logic-heavy tasks.

Model Method Hellaswag 1 Winogrande 1 MathQA 1 SWAG 1 Comm.QA 1 GSM8k 1
Baseline 59.15 73.64 38.79 57.74 69.45 41.55
Llama-3-8B CMAR-KLD 59.20 74.74 11,101 38.36 57.81 69.45 44.20 42,651
CMAR-InfoNCE 59.32 73.80 38.63 57.73 69.29 43.59
CMAR-CKA 59.24 10.091 74.50 38.90 10.111 58.07 +0.331 69.74 10.291 43.30
Baseline 55.23 67.80 33.57 54.32 61.18 62.10
DeepSeek-R1- CMAR-KLD 55.18 68.27 10471 33.77 40201 54.30 61.67 1049 1 63.31
Distill-Llama-8B CMAR-InfoNCE 55.23 +0.00 1 67.80 33.57 54.32 61.18 64.44 13 349
CMAR-CKA 54.33 68.11 32.83 55.06 +0.74 1 61.25 64.23
Baseline 60.44 68.50 39.80 57.05 82.23 75.04
Qwen2.5-7B CMAR-KLD 60.36 69.62 39.93 10.131 57.06 82.23 75.97
CMAR-InfoNCE 60.44 69.73 39.80 57.05 82.23 76.19
CMAR-CKA 61.25 10.81 1 69.85 +1.351 39.85 57.23 40.18 1 83.00 1+0.77 1 76.24 11201
Baseline 58.89 72.53 35.08 57.06 59.95 29.98
Mistral-7B-v0.2 CMAR-KLD 59.91 7291 35.15 57.39 59.65 31.16
. CMAR-InfoNCE 59.56 72.98 10451 35.46 57.61 +0.551 59.80 31.24
CMAR-CKA 60.10 4121 1 72.89 36.17 +1.09 1 57.10 60.10 40151 31.50 41521
Baseline 64.01 75.53 44.56 60.78 75.10 79.58
Phi-3-Medium CMAR-KLD 64.59 75.63 45.06 +(.50 1 60.95 74.45 81.47
-4k-Instruct CMAR-InfoNCE 64.51 75.59 44.50 60.93 74.90 (20 | 81.88 12301
CMAR-CKA 65.17 +1.161 75.69 +0.16 1 45.00 61.59 10.81 1 74.39 81.02
Baseline 57.73 73.01 39.16 56.35 68.25 47.35
Llama-3.1-SB CMAR-KLD 58.92 4+1.191 73.40 410391 39.97 40.81 1 57.56 11211 69.21 4723 .12 |
CMAR-InfoNCE 58.92 +1.191 72.93 39.80 57.52 69.29 47.08
CMAR-CKA 58.61 73.40 10391 39.97 +0.81 1 57.16 69.78 +1.53 1 47.08
Baseline 50.83 67.56 34.67 52.28 66.01 58.61
Llama-3.2-3B CMAR-KLD 51.07 67.17 34.61 52.23 66.34 0331 59.89 +1.281
CMAR-InfoNCE 51.08 10251 67.25 34.97 52.23 66.01 59.14
CMAR-CKA 50.43 67.97 4+0.41 1 35.21 40,541 52.95 4+0.671 66.09 58.73

KLD: KL-Distillation.

CKA: Centered Kernel Alignment.

Comm.QA: CommonsenseQA.

are competitive on some datasets. For example, CMAR-
KLD performs best on LAMBADA (+1.58%) and AI2 Rea-
soning (Challenge) (+0.77%). This indicates that different
alignment measures can capture complementary aspects of
representational compatibility. More details are in Appendix.

Main Results for Fine-tuning Language Models. To
measure the efficacy of CMAR to align a language model
with a vision model during fine-tuning, we apply CMAR
during the fine-tuning of seven language models and evaluate
performance across six diverse downstream tasks.

As shown in Table 1, all CMAR variants
( KL-distillation , InfoNCE, and CKA ) outperform
the Baseline across all model families and most tasks.
On average, CMAR-CKA achieves the highest overall
accuracy in four out of seven models, while CMAR-KLD
and CMAR-InfoNCE remain competitive, occasionally
outperforming on specific tasks (e.g., GSM8K and MathQA).
Logic-intensive datasets such as GSM8K, MathQA, and
CommonsenseQA benefit most from alignment—for
instance, CMAR-KLD boosts GSM8K by +2.65% on
LLaMA-3-8B, and CMAR-CKA improves MathQA
by +1.09% on Mistral-7B-v0.2. Larger models like
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Qwen2.5-7B also exhibit strong gains, with CMAR-CKA
improving Winogrande by +1.35% and GSMS8K by +1.20%
respectively. These results show that CMAR generalizes
across scales and architectures, with different alignment
measures providing complementary benefits.

5. Analysis

To better understand the properties of CMAR, we conduct a
series of ablation studies as follows.

(a) If the Performance Gains are Truly from Vision
Modality? To verify that CMAR’s improvements arise
from vision modality rather than generic regularization or
auxiliary supervision, we conduct two controls. As shown
in Figure 4(a), (1) We compare two CMAR variations with
traditional L/, L2, and KoLeo [46] regularizers applied to
the language model; none matches CMAR’s gains. (2) We
align the language model to an untrained/randomized vision
encoder (denoted as CMAR (RI)), keeping all other settings
identical to the full CMAR setting; this underperforms the
CMAR (Full) method. These results indicate that CMAR’s
benefits derive from pretrained visual representations rather
than from regularization alone.
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Figure 5. The Effect of Different Vision Models. CMAR ( orange columns ) consistently outperforms the baseline ( gray columns ),
particularly in reasoning-intensive tasks such as GSMS8K, PIQA, and MMLU-Pro.

(b) Our method is robust across different alignment met-
rics and across different model layers. As shown in Fig-
ure 4(b), we conduct experiments to compare the effect of
different similarity metrics such as CKA [22], SVCCA [41],
and PWCCA [30], and we observe that CKA yields the
highest accuracy among the metrics tested. That said, other
similarity metrics such as SVCCA also lead to notable gains,
suggesting that a range of representation-similarity measures
can be beneficial. Additionally, in Figure 4(c), we compare
alignment at different layers in GPT-2. While aligning the
penultimate layer yields the best performance on average,
some tasks benefit from deeper or multi-layer alignment.

(c) Effect of Different Vision Models. Aligning LLaMA-
3-8B with different vision models consistently improves
performance on downstream tasks. Alignment with CLIP
achieves the best results on six out of eight datasets, in-
cluding the challenging multi-task language understanding
benchmark MMLU-Pro [15]. As shown in Figure 5, all seven
vision models used for CMAR-CKA outperform the baseline
across most datasets. Interestingly, model strength (in terms
of vision model scale or pre-training dataset size) does not al-
ways correlate with downstream performance. For example,
DINOv2-Large and DINOv2-Giant do not always perform
better than their smaller counterparts (DINOv2-Small/Base).
This highlights that representation compatibility, rather than
vision model capacity alone, may be a more important factor
for effective alignment.
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(d) Effect of Caption Length. We also discover that cap-
tion length plays a nuanced role in alignment quality. In
Figure 7, increasing caption length from short (5 words) to
moderate (10-20 words) improves performance. However,
further extending captions to 200 words yields diminishing
or slightly negative returns, possibly due to noise in longer
textual descriptions that dilute relevant context.

5.1. Correlation of Alignment and Performance
across Checkpoints.

To explore the relationship of alignment and performance,
we train the models with CMAR-CKA and keep track of
the CKA score as well as the performance across different
checkpoints and different model sizes. Figure 6 illustrates
the positive relationship between representation alignment
and model performance across different training settings,
datasets, and model families.

Pre-training Settings. In Figure 6(a), we observe a consis-
tent and strong positive relationship between the alignment
score and downstream performance. The alignment scores
increase monotonically from 0.79 to 0.86, and correspond
closely to improved task performance (y-axis), with Pearson
correlation > 0.95 across all tasks. These results not only
reinforce our hypothesis that CMAR is an effective regular-
ization term, but also reveal that the metrics used in CMAR
can serve as reliable indicators for predicting performance.
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erately longer captions can enhance performance, though gains
saturate or slightly drop at very long lengths.

Fine-tuning Settings. As shown in Figure 6(b), we ob-
serve a clear, positive relationship between a model’s align-
ment score (x-axis) and its normalized task accuracy (y-axis)
across all seven different language models. Each curve traces
a different language model, including instruct-turned and
distilled models at different scales. Models with higher align-
ment scores are more likely to achieve better downstream
performance: for example, Qwen2.5-3B-Instruct attains the
highest alignment (x0.60) and yields the top normalized
accuracy (=90%), while the distilled DeepSeek variants re-
main lower alignment (=0.47-0.55) and correspondingly
lower accuracy (/=~12-45%). These results suggest that the
alignment score is not only predictive of but also instrumen-
tal to model performance when training with CMAR.

5.2. Case Studies

We conduct case studies to investigate problems for which
alignment with vision models helps. Across the examples,
we observe recurring patterns: items that appear to benefit
most from the vision-aligned model tend to evoke implicit
spatial, physical, or diagrammatic structure, even when pre-
sented purely as text. These include geometry problems
where relative areas must be visualized, multi-step chemistry
questions that hinge on symmetry or stereochemical layout,
and commonsense tasks whose solutions depend on the af-
fordances of objects (e.g., where to apply force on a swing in
Fig. 8). While we do not claim that these improvements con-
stitute evidence of systematic visual reasoning, the consis-
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Question: How can I pull/push my child in the swing while
sitting down and resting?

Tie a string to the bar at the top of the swing, run the
string to where you want to be seated and pull the string to

move the child. .,
Baseline

%Tie a string to the handle or base of the swing, run the
string to where you want to be seated and pull the string to

move the child.
CMAR

Figure 8. An example from PIQA in which CMAR benefits from
better understanding of swing mechanism.

tency of these cases suggests that introducing vision-related
information may shift the model’s internal representations
toward more grounded, world-aware interpretations of previ-
ously ambiguous text. In that sense, the gains may reflect not
a domain-specific visual competence, but a broader tendency
for vision-aligned features to stabilize physical intuitions.
This observation remains tentative, yet it provides a useful
interpretive lens for understanding where alignment with
visual encoders might exert its qualitative effects. More
examples can be found in the Appendix.

6. Conclusion

In this paper, we introduce CMAR that aligns the representa-
tions of a language model with those of a fixed, pre-trained
vision model, distilling visual knowledge into language mod-
els to improve the performance. We observe consistent
performance gains across different models and evaluation
datasets in both pre-training and fine-tuning settings under
various alignment measures. However, the effectiveness of
CMAR can be affected by downstream task types. A deeper
understanding of how alignment interacts with task charac-
teristics can guide a targeted model training process. While
this work focuses on aligning language models with fixed,
pre-trained vision models, the formulation of CMAR is gen-
eral and may be extended to other modalities, such as audio
and robotics, for broader cross-modal knowledge transfer
and distillation, opening up directions for the future research.
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