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Abstract

The ratio of “outlier” parameters in language pre-training models and vision pre-training
models differs significantly, making cross-modality (language and vision) inherently more
challenging than cross-domain adaptatiorﬂ As a result, many prior studies have focused
on cross-domain transfer rather than attempting to bridge language and vision modalities,
assuming that language pre-trained models are unsuitable for downstream visual tasks
due to disparate parameter spaces. Contrary to this assumption, we show that adding a
“bridge training FH” stage as a modality adaptation learner can effectively align Large
Language Model (LLM) parameters with vision tasks. Specifically, we propose a simple yet
powerful solution random label bridge training that requires no manual labeling and helps
LLM parameters adapt to vision foundation tasks. Moreover, our findings reveal that partial
bridge training is often advantageous, as certain layers in LLMs exhibit strong foundational
properties that remain beneficial even without fine-tuning for visual tasks. This surprising
discovery opens up new avenues for leveraging language pre-trained parameters directly
within vision models and highlights the potential of partial bridge training as a practical
pathway to cross-modality adaptation.

1 Introduction

Recent advancements in large language models [I,
49, (501 [56] have shown their remarkable capacity for
capturing both syntactic and semantic information in
an unsupervised manner. However, despite the rich
internal representations these models develop, the
utility of language-pretrained parameters in domains
beyond text remains largely unexplored. Particularly
in computer vision, while cross-domain adaptation
(e.g., transforming a model trained on natural im-
ages to work on cartoon images) has received atten-
tion [53], 21} [55], true cross-modality transfer, i.e.,
from language to vision, presents a more substantial
challenge. The fundamental discrepancy in input
modalities (text tokens versus image pixels) suggests
that LLM parameters might be inherently incom-
patible with the convolutional or transformer-based

Cross Domain Adaptation Cross Modality Adaptation

Figure 1: In cross-domain adaptation, the data type
remains the same, though domains may vary in style
or distribution. In contrast, cross-modality adaptation
involves fundamentally different feature spaces, along-
side variations in style or distribution.

1Cross-domain refers to different data distributions on the same modality, such as the adaptation from natural images to
cartoon images for the same visual modality, rather than studying cross-modality (language modality and vision modality).
Cross-modality is usually much more difficult than cross-domain as induced bias.
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operations typical in visual tasks. As illustrated in Fig. [I] cross-domain adaptation modifies the distribution
within the same modality, whereas cross-modality adaptation must reconfigure parameters trained on text
tokens to handle image pixels.

One line of thought posits that the parameter spaces for language-based and vision-based models are simply
too different for overlapping fine-tuning approaches. This has led many researchers to either ignore cross-
modality transfer entirely or rely on cascading strategies where a vision model’s output is fed into a language
model like MLLMs scheme [2] [3T] 9] [26] rather than overlapping fine-tuning them. While this division has
simplified experimental design, it has also limited the exploration of potential synergies between language
and vision. For instance, the ability of LLMs to capture high-level abstractions might help address challenges
in dense vision tasks like object detection.

In many specialized domains such as industrial inspection, medical imaging and remote sensing, large-scale
text corpora are readily available (manuals, logs, reports, protocols), while labeled images are scarce due
to annotation cost and expertise requirements. In this regime, it is valuable to reuse language-pretrained
parameters as a prior and adapt them to visual inputs with minimal annotation: we can first perform an
annotation-free bridge stage on unlabeled images, and then fine-tune with the small labeled image set for the
downstream task.

While direct cross-modality parameter transfer is often regarded as nontrivial in prior transfer or adaptation
settings [5] [13] 45} [17] [39] 61], our findings show that a properly designed “bridge training” stage can effectively
adapt language-pretrained parameters for visual tasks. This is also compatible with recent evidence that
representation alignment can emerge across diverse models and modalities [20]. Specifically, we propose a
random label bridge training protocol: we assign random labels to visual data and optimize the model using
a standard supervised objective, requiring no human annotation. Although the labels carry no semantic
information, this stage encourages the network to learn a broad mapping from image structure to internal
representations, thereby reshaping the parameter statistics and reducing the modality gap between text and
images. Importantly, random label training is flexible and label-free: it does not require a curated labeled
dataset, enabling rapid cross-modality adaptation without the constraints of supervised annotation.

A further important and surprising discovery in our work is that partial bridge training can sometimes yield
even better results than full-layer adaptation. Certain layers in large language models appear to contain
fundamental representational capacities that remain beneficial for vision tasks. By freezing these layers when
training, we preserve their internal structures and exploit the fact that some of the linguistic abstractions can
also be advantageous for visual processing. Through extensive empirical analysis, we find that retaining these
frozen layers not only reduces the number of trainable parameters but also preserves beneficial biases that
have been distilled through language pre-training.

Our results demonstrate consistent gains over various baselines that do not employ language-pretrained
parameters. Specifically, random label bridge training achieves +11.5% and +14.1% accuracy improvements
on CIFAR-10/100 under linear probing, leveraging language bias further boosts these gains to +19.6%
and +21.3%. Moreover, empirical studies show that random label training leads to more stable parameter
alignment than naive direct fine-tuning, highlighting the non-triviality of cross-modality adaptation.

Our contributions are threefold: (1) We challenge that, while architectures are shared across modalities and
cross-modal alignment has been observed, it remains nontrivial and not guaranteed that language-pretrained
weights can be directly repurposed for vision under weak supervision [28} 33} [35], we investigate this empirically
and theoretically; (2) We propose and validate a parameter alignment approach random label bridge training
that is entirely annotation-free; and (3) We demonstrate that partial bridge training can be sufficient to
preserve the valuable representations learned by large language models, thus laying the groundwork for
broader research into cross-modality transfer.

2 Related Work

Cross-Domain and Cross-Modality Adaptation. Adapting models to new domains or modalities
is a fundamental challenge in machine learning. Cross-domain adaptation transfers models within same
modality and addresses distributional shifts using techniques like domain adversarial training [10} [38], domain
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Figure 2: Outlier parameters and weight distributions in models trained on di erent modalities.
Language-pretrained GPT-2 shows a markedly heavier-tailed distribution with numerous large-magnitude
Outlier weights, whereas vision-pretrained ViT and GPT-2 structure model trained on images exhibit fewer
outliers and narrower spreads.

alignment [40, [60)], test-time training [[48, [51], and self-supervised learningd8, [15, 8]. While e ective for tasks
such as natural-to-synthetic image transfer, these methods are less suited for bridging di erent modalities.
Cross-modality adaptation such as between language and vision, introduces challenges due to structural and
distributional di erences. Vision-language models (VLMs) like CLIP [44] and Flamingo [3], and Multimodal
LLMs [9, 29, leverage paired datasets to learn joint representations but rely heavily on aligned supervision and
task-speci ¢ designs. In contrast, our work explores inherent cross-modality capabilities of LLMs, leveraging
pretraining-induced biases for annotation-free, exible adaptation without architectural changes.

Modality Dierence in Pretraining. Pretraining on language and image data poses challenges due to
di erences in input structures and parameter distributions.

Existing multimodal approaches address this di erences via learning rate modulation 41, 27, 23], representative
embeddings 12, 57], or alternating unimodal training [ 58, 62, 54], but primarily focus on joint training setups.
Our work leverages pretraining-induced biases in LLMs for vision tasks through random label bridge training,
aligning parameter distributions while retaining bene cial linguistic abstractions. This approach o ers a
practical solution to modality di erence without requiring joint training.

Connection to representation alignment. Recent work suggests that representation spaces across
architectures, objectives, and even modalities may become increasingly aligned as models scale, motivating
the view that cross-modal representational similarity can emerge as a general phenomenon (e.g., The Platonic
Representation Hypothesis 20]). Building on this perspective, our focus is not to assert that language and
vision are incompatible but to empirically characterize when and how cross-modality transfer can be induced
by a simple training procedure. In particular, we analyze the dynamics and outcomes of a random-label
bridge stage (which removes semantic label supervision) and layer-wise/partial updating (which isolates where
adaptation is most e ective), providing both theoretical insight and controlled experiments on cross-modality
adaptation.

3 Outlier Parameters in Foundation Models

Outlier parameters in language pre-training models and vision pre-training models. A key
observation in our study is that large language models exhibit a higher proportion of outlier parameters
compared to models pre-trained on visual data. Intuitively, this stems from the inherent di erence between
discrete textual tokens and continuous image signals. In language tasks, each token typically maps to a sparse,
high-dimensional embedding space, which can lead to large uctuations or spikes in certain parameter
values during training. As a result, the parameter distribution in LLMs tends to have heavier tails, re ecting

a higher likelihood of extreme values. Conversely, in visual models, continuous signals such as pixel intensities
provide smoother gradients and more uniformly distributed training examples, thereby reducing the tendency
for large, isolated parameter magnitudes.

Our statistical analysis in Fig. 2 supports these theoretical considerations. By comparing magnitude
distributions of weights in multiple layers, we nd that LLMs contain a signi cantly greater percentage of
high-magnitude parameters and exhibit a heavier-tailed distribution overall. Visual models, on the other hand,
show relatively atter distributions with fewer large outliers. These empirical ndings validate the notion that
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Figure 3: Train and test acc. curves for pretrained vs. scratch GPT-2 on CIFAR-10 using varying random
label proportions (0%, 15%, 30%, 100%). Pretrained models consistently show higher accuracy and faster
convergence, indicating enhanced robustness to label noise.

discrete tokens induce more extreme parameter values and show practical implications for model initialization,
optimization stability, and potential transfer learning strategies when bridging language and vision tasks. In
the following, we provide a formal de nition of cross-modality adaptation and outline our problem setup,
to explain the approach we use to mitigate the mismatch between these fundamentally di erent parameter
spaces.

De nition 3.1  (Cross-Modality Adaptation) . Consider a source data distributionS (source modality) and a
target data distribution T (target modality), where S is de ned over Xs Y s and T is de ned over X1 Y t.
Let Xs Ys be the input and output spaces associated witB, and X+ Yt be the input and output spaces
associated withT. We de ne a learning task ts as the expected risk minimization problem induced bysS; "s):
learn a predictor fs : Xs !'Y s by minimizing Rs(f) = Exy) s “s(f(x);y) , and similarly de ne ty (and
f1) induced by (T; 7). Here, derived from Ys means that the prediction target and loss are de ned on the
output spaceYs (together with the conditional S(Y j X)). The goal of cross-modality adaptation is to enhance
the target predictive function f+ for the target tasktt by leveraging knowledge obtained from the sour& and
ts, provided that S 6 T. Here, S 6 T implies both a di erence in their marginal input distributions Sy 6 Tx
(i,e., Xs 6 X1 and Sx (X) 6 Tx (X) ) or a dierence in the tasks themselvests 6 t1 (i.e., Ys 6 Y1 or
S(YJX)ET(Y]X)).

4 Empirical Discoveries on Language Induced Bias for General Vision Tasks

It may appear counterintuitive [ 6] to leverage weights from one modality (e.g., language) to bene t another
(e.g., vision). However, in this section we provide both theoretical and empirical evidence that language-
pretrained parameters can indeed help visual tasks. Speci cally, Section 4.1 demonstrates how a pretrained
language bias accelerates convergence and improves performance on image classi cation. Section 4.2 then
introduces random label training may potentially be a good robustness trainer and proves (see Theorem 4.1)
how training on unlabeled visual data aligns these language-driven parameters to the image distribution.
Section 4.3 analyzes loss landscapes, showing how pretraining smooths optimization and improves feature
discriminativeness. Finally, Section 4.4 demonstrates that language-induced bias enables models to learn
separable visual features even with random labels, reinforcing its role as a strong unsupervised regularizer.

4.1 Pretrained Language Accelerates Convergence & Improve Performance for Vision Tasks

To empirically investigate the optimization e ects and bene ts of language-pretrained LLM weights for vision
tasks, we compare the performance of pretrained GPT-2 against models trained from scratch on image
classi cation tasks. Speci cally, we evaluate both approaches on CIFAR-10, CIFAR-100 and ImageNet-1k
datasets under identical training conditions. In our image adaptation, the rst layer is a newly introduced patch
embedding/input projection (randomly initialized); pretrained GPT-2 weights are used only in subsequent
transformer blocks. As shown in Table 1 and Fig. 3 (leftmost plot), the pretrained models converge more
quickly and reach higher accuracies than their scratch-trained counterparts. Speci cally, on CIFAR-10, the
Pretrained-GPT-2 model gains +0.5% Top-1 accuracy in training, while on CIFAR-100 it improves test
accuracy by +2.4%. Similar patterns hold for ImageNet-1K, where pretrained models consistently obtain
better test performance. These ndings demonstrate that language-induced bias facilitates optimization on
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Table 1: Comparison of language-pretrained GPT-2 weights and scratch-initialized GPT-2 models on CIFAR-
10, CIFAR-100 and ImageNet-1K for image classi cation. (Note : we only train GPT-2 on ImageNet-1k for
150 Epochs and LLAMA3.2-1B for 50 Epochs because of resource limitations.)

Model CIFAR-10 CIFAR-100 ImageNet-1K

Train-accl Test-accl Train-accl Test-accl Train-accl Test-accl
Scratch-GPT-2 98.7 86.0 98.8 58.0 56.4 66.5
Pretrained-GPT-2 992,05 871,11 991,03 60:442.4 59.2:58 68:8:,.3
Scratch-LLAMA3.2-1B 99.3 79.7 99.7 49.3 66.3 64.0
Pretrained-LLAMA3.2-1B 99:6.0.3 894,97 99:8:0.1 6474154 73875 67:7:37

Table 2: Performance comparison of language-pretrained and scratch-initialized GPT-2 models under varying
ratios of random labels on CIFAR-10 and CIFAR-100. Darker and indicates higher Train-accl
and Test-accl, respectively.

. CIFAR-10 CIFAR-100
Model Random Ratio Train-accl Test-accl Train-accl Test-accl
15% 97.4 76.0 98.5 45.2
Scratch-GPT-2 30% 75.4 67.8 98.2 325
100% 34.2 2.5 65.9 0.9
15% 986412 172412 99:0:05 481,59
Pretrained-GPT-2 30% 97:9:505 68:7+0.90 98907 337412
100% 939,597 6:3.33 987:328 0:801

vision modality by guiding the model toward better solutions. This not only accelerates convergence but also
results in improved performance on vision tasks.

Better Fitting Ability. Fig. 3 further compares accuracy across three di erent fractions of the random
labels: 15%, 30%, and the entire random (100%). In each scenario, the model initialized with GPT pre-trained
weights achieves notably higher training accuracy than a baseline trained from scratch, despite having the same
architecture. What makes this observation particularly intriguing is that the labels are completely random,
yet the GPT-pretrained model signi cantly exhibits a stronger ability to t the data but scratch-trained
model is close to collapse. This phenomenon re ects that language pre-training furnishes an e ective inductive
bias, one that remains useful even when the task's labels have no inherent structure.

4.2 Is Random Label Tuning A Good Robustness Trainer and Adapter to Target Modality?

As analyzed in B4, it has been shown analytically for convolutional and fully connected networks that an
alignment occurs between the principal components of the network parameters and the data. However, our
focus is on Transformer-based LLM architectures like GPT #3]. While there are shared theoretical insights
between our work and prior studies regarding covariance matrix alignment between network parameters and
data, our approach diverges signi cantly. Speci cally, we present that principle of random label training can
be formalized as:

Theorem 4.1 (Random Label Training Induces Covariance Alignment). Supposex are drawn i.i.d. from a
distribution with covariance , and the initial weights w in the rst layer are drawn from an isotropic (e.g.,
Gaussian) distribution. Then when we train a neural network on these inputx using random labels (under
typical conditions such as SGD training), the learned covariance , = E ww' of the rst-layer weights
aligns with the data covariance . Concretely,  shares eigenvectors with x, and the map from each
eigenvalue 2 of  to the corresponding eigenvalue ? of , follows a well-de ned (experimentally smooth)

I
transfer function f ().

Intuition and key ideas. Theorem 4.1 is aligned with prior analyses of random-label training; our novelty
is the covariance-alignment formulation, spectral transfer function perspective and direct connection to our
bridge-stage method. (i) Isotropy and symmetry. Initially drawing w from an isotropic distribution means
there is no preferred direction in parameter space. During random-label training, every label is equally
wrong , so the only structure that can be exploited or learned is in the input data x. (ii) Eigenvector
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alignment: By gradient descent dynamics (or SGD), directions inw-space that correspond to larger variance
directions in x-space receive larger updates on average. Over the course of training, despite the labels being
random, the weight vectors align with the most signi cant eigenspaces of x. As a result, the principal
components of , converge to those of 4. (iii) Eigenvalue mapping Each eigenvalue ? of  gets mapped
to a corresponding 2 for .. Empirically, one nds a smooth function f ( ) such that ; f ( ;). Typically,
larger input variances 2 lead to higher e ective learning rates, increasing the corresponding ? before
backpropagation balances out other directions in the network. (iv) Implication for real labels : Surprisingly,
even when labels are random, the network stilladaptsits rst-layer weights to the input structure. Once
this alignment occurs, subsequent ne-tuning or re-training with real labels can proceed more e ciently,
as the rst-layer lter directions already match the major modes of variation in the data. Importantly, we
emphasize that unlike prior method [34], random label training is uniquely feasible within our approach.
Furthermore, self-supervised or TTT methods, such as entropy minimization 52|, could also be incorporated
into our framework.

We evaluated the robustness of language-pretrained LLM weights under noisy conditions using varying random
label ratios (15%, 30%, and 100%) on CIFAR-10 and CIFAR-100. As shown in Table 2 and Fig. 3, pretrained
models consistently outperformed scratch-initialized ones across all conditions. For instance, with 15%
random labels, pretrained models achieved 77.2% and 48.1% test accuracies on CIFAR-10 and CIFAR-100,
respectively, compared to 76.0% and 45.2% for scratch models. Even with 100% random labels, pretrained
models demonstrated signi cantly better structured learning, achieving 93.9% training accuracy on CIFAR-10
versus 34.2% for scratch models. These results underscore the robustness of language-pretraining-induced
biases as a powerful regularizer for extracting meaningful patterns without semantic labels.

4.3 Language Bias Induces Better Optimized Loss
Landscapes

Although Theorem 4.1 demonstrates how random-label training can
induce rst-layer weight alignment under simpli ed conditions (e.g.,
single-layer settings and controlled data distributions), real-world
large models and complex natural-image data introduce additional
challenges. To bridge this gap, we investigate a deeper architecture
(GPT-2) on actual image data, again leveraging random labels.
Fig. 4 reveals that the scratch model has a rugged landscape in both
cases, indicating many local minima that can hinder optimization.
In contrast, the pretrained GPT-2 starts from a very di erent
point: although the landscape is not necessarily smoother overall,
guantitative analysis in Table 15 shows it begins near a high-energy
saddle point, which is easier to escape during training. Speci cally,
we observe a sharper eigenvalue decay rate (11.6 vs. 3.7), a higherFigure 4: Loss landscape on CIFAR-
Hessian trace (305k vs. 21k), and a much larger spectral gap (207k10_ We visualize a 2D cross-section
vs. 226), all suggesting stronger curvature in select directions1f]. of the high-dimensional loss surface
Yet, most directions remain at, as indicated by a lower participation by plotting L( o+ dq+ dj), where
ratio (0.34 vs. 0.78), and the model shows lower noise sensitivity d = 1 o is the training di'rection
and gradient predictiveness B6]. The pretrained model also has and ds is a random direction orthogo-
a higher ratio of negative eigenvalues (0.65 vs. 0.35) and greater, o o dy (both per-layer normalized).
sensitivity to certain parameters. Together, these ndings imply The X-axis and Y-axis correspond to
that language pretraining positions the model in a landscape that
facilitates optimization by guiding it out of poor local minima and
toward more stable, generalizable solutions.

the coe cients and , respectively
(height/color indicates loss). Top: Cor-
rect Labels Training. Bottom: 100%
Random Labels Training. Left: Scratch

4.4 Language-Pretraining-Induced Bias GPT-2. Right: Pretrained GPT-2.
Helps Models Learn Separable Features without Annotations

Beyond the robustness observations in Section 4.2, we further investigate the representational di erences
between pretrained and scratch-initialized GPT-2 models when trained with 100% random labels on CIFAR-10.
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Figure 6: Overview of our two-stage Language Bias Bridge Learning framework. In Stage 1, the
pretrained LLM is adapted to the target modality under random labels, In Stage 2, a lightweight classi er
re nes these representations on real labels.

Concretely, we extract the nal-layer hidden states h; 2 RY for each samplei, where d denotes the hidden
dimension. We then apply a t-SNE mappingf.sne : RY!  R? and perform KMeans clustering on the reduced
features. Formally, each sampleh; is assigned to a clusterc; via:

¢ =arg mli(n fesne hi K 2; 8i 2 f sampleg; Q)

where  is the centroid of cluster k.

As illustrated in Fig. 5, pretrained GPT-2 model's
embeddings become more separable (top right), form-
ing tight intra-class clusters even under completely
random labels, while scratch model exhibits less
structure. This indicates a powerful cross-modal
transfer e ect: random-label procedure still lever-
ages the language-induced parameter bias, enabling
the model to uncover latent image structures. In
contrast, scratch model lacks such an inductive bias,
yielding minimal improvement. These results corrob-
orate our earlier ndings that language pretraining
serves as a strong regularizer under noisy conditions,
leading to faster convergence and better unsuper-

vised discriminative capabilities in visual domain. Figure 5: -SNE embeddings for pretrained (top) and

scratch-initialized (bottom) GPT-2 models on CIFAR-
10 under 100% random labels.Left: Before training,

5 Language Bias Bridge Training both appear partly disordered. Right: After training,

as A Modality Adaptation Learner the pretrained model achieves far tighter, more coher-
ent clusters, indicating superior feature separability

5.1 Overall Proposed Formulation compared to the scratch model.

Building on the insights from Section 3, we propose danguage Bias Bridge Training (LBBT, )

paradigm, designed to leverage language-pretraining-induced bias for Cross-Modality adaptation. In particular,
we exploit a 100% random-label setting on the target modality to train a large language model (LLM) for

vision tasks, followed by a lightweight adaptation stage for downstream domains. Fig. 6 illustrates the
proposed two-stage framework.

Let S=(Xs;Ys) be the source modality, where X s = fx;gl\; and Ys = fy;g\; denote inputs and random
labels, respectively. LetT = (Xt;Yr) be the target modality with inputs X1 = fx; ng:1 and true labels
Yt = fy; gj""zl. We assumeSyx 6 Tx andts 6 ty, re ecting discrepancies in either the input distributions or
the tasks themselves. Our goal is to learn a representation functiom.LM ( ; ) that transfers knowledge from
S to T, improving the predictive function f1 for the target task. We also train a lightweight adapter A(; )
to re ne the LLM representations for downstream use onT . Formally, we minimize:

h i

n:'in i—bridge Sx;%g;LLM( ; )} + i—adapt TX;TY;%;—M( ;LA )} ; 2

Stage 1: Stage 2: Downstream Adaptation
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where Lyridgge iS @ supervised loss on random-labeled data (Stage 1), andagape iS @ supervised or semi-
supervised loss on real-labeled data (Stage 2). The bridge stage aligns the pretrained LLM with the target
modality without requiring semantic labels, and the downstream stage then ne-tunes these representations
with actual task supervision.

5.2 Random Label Bridge Training

The foundation of our approach lies in the inherent biases induced by language pretraining, which, as
demonstrated in Section 4.2, serve as a powerful regularizer under noisy conditions. To fully leverage these
biases for cross-modality adaptation, we introduce LBBT that aligns the feature representations of LLMs
with vision tasks, even though the labels we use are random and o er no semantic guidance. Training a model
on 100% random labels typically seems infeasible because there is no meaningful supervisory signal. However,
we hypothesize and empirically con rm that language-pretrained weights encode robust feature hierarchies
that can still be re ned through a supervised objective, even when the labels themselves are random. Rather
than relying on semantically correct annotations, the model learns to harness the structural properties of
the input data, guided by its strong, language-induced initialization. Formally, let S = (Xs;Ys) denote our
source modality with inputs X s and random labelsYs. Let LLM (x; ) represent the feature embedding of
input x under parameters . Our bridge learning objective is then given by:

1 X
Lbridge (S5 ) = ~—— rst LLM(X; );Ys ; (3
JXSJX2><S

where “grs. is a supervised loss function (e.g., cross-entropy) computed against the random labels. Despite
0 ering no true semantic structure, these labels force the model to re ne its features based on the patterns
present in X g, e ectively bridging the domain gap from language to vision.

As shown in Section 4.2, pretrained LLM weights exhibit notable robustness even under extreme noise such
as 100% random labels due to the biases acquired during language pretraining. These biases naturally
organize the feature space, promoting better separability and coherence. We preserve and further shape these
bene cial biases by treating bridge training as a supervised task with random labels. During LBBT, the
LLM parameters adapt to the statistical properties of visual data, thereby transferring language-induced
structures into e ective visual representations even in the absence of meaningful labels.

Target Modality Downstream Adaptation Following the initial alignment achieved through LBBT, the
second stage re nes representations for speci ¢ target tasks. This involves training a lightweight downstream
adapter A(; ) with task-speci c labeled data while optionally ne-tuning pretrained LLM parameters
The supervised loss function for this stage is:
1 X
Ladapt (T3 5 )= —— ce (A(LLM (x; ); );Y); 4)
X1l
(xy)2T

where “cg is cross-entropy loss. This stage leverages language-pretraining-induced biases to accelerate
convergence and improve generalization, completing an two-step framework for cross-modality transfer.

Extend to partial bridge training . Prior work shows that neural networks memorize random labels largely
through their later layers [34], supported by evidence from classi cation accuracy on layer activations and
intrinsic dimensionality estimates [4]. Inspired by these ndings, we hypothesize selectively freezing certain
layers during LBBT preserves inductive biases formed in earlier layers of pretrained LLMs. Early layers
shaped by language pretraining capture broad structural features are readily transferable across modalities.
Updating only layers most prone to task-speci ¢ memorization can improve cross-modality adaptation.

Our experiments con rm this hypothesis (Fig. 8). Surprisingly, training only the rst ve layers of the
LLM during Language Bias Bridge Training yields faster convergence and better downstream performance
compared to updating all layers. This underscores the critical role of early layers in maintaining robust,
transferable representations. Moreover, results suggest tuning every layer can weaken bene cial semantic
structures acquired from language pretraining, ultimately hindering generalization. In summary, partial
bridge training o ers an e ective and computationally e cient strategy by focusing on the layers most
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Figure 7: Layer-wise neuron activation ratios for image samples in GPT-2 models. For each block
*, we record the MLP post-GELU activations A()(x) 2 RT 9w on real images, compute token-averaged

neuron responses, and count neurok as activated by imagex if al((‘)(x) > 0. Left: before training. Middle:
random-label bridge training. Right: correct-label bridge training. Training increasesr-, indicating greater
utilization of MLP capacity for visual inputs.

pertinent to modality-speci ¢ adjustments. This approach reduces training overhead while leveraging the
inherent strengths of pretrained LLMs, making them more adaptable to diverse downstream tasks.

6 Final Empirical Analysis

Dataset and Implementation Details . Experiments are conducted on CIFAR-10, CIFAR-100 p4],
Tinylmagenet-200 [25], and ImageNet-1K [11] using GPT-2-medium [42] with 355M parameters. For Bridge
Training, the model is trained for 400 epochs on CIFAR-10 (batch size 64, single L20 GPU) and 100 epochs
on ImageNet-1K (batch size 32, 6 4090 GPUSs). Linear probing experiments use a batch size of 128 for 100
epochs on an L20 GPU. And all the sacle up experiments for Qwen3-8B, Qwen3-14B and LLaVA series are all
conducted on 8 A100 GPUs. All experiments use a consistent training setup with 224 224 input resolution,

a learning rate of 1e-3 (Adam optimizer, cosine annealing), weight decay of 0.05, drop path regularizatiori 9]

of 0.1, and gradient clipping with max norm 1.0.

Hyperparameter selection and robustness. We clarify how hyperparameters are chosen and evaluate
sensitivity to optimization choices. We acknowledge that learning rate and weight decay can a ect absolute
performance; thus, we perform a small learning-rate weight-decay sweep. To avoid unintentionally favoring
LBBT, we select a single hyperparameter setting using a method-agnostic criterion on the baseline w/o LBBT
(e.g., held-out validation or best-performing baseline setting), and thenfreezethis choice and apply the same
hyperparameters to LBBT and all other comparisons. We summarize the sensitivity results in Table 3. While
absolute accuracy varies across Ir/wd, LBBT consistently improves over w/o LBBT across all evaluated
settings. For example, underlr = 1e 3 and wd = 0:05, LBBT improves the CIFAR-100 linear-probe test
accuracy from 17.4% (w/o LBBT) to 35.0% (w/ LBBT), i.e., a +17.6% absolute gain.

Table 3: Hyperparameter sensitivity study. We sweep learning rate (Ir) and weight decay (wd) under
the same training protocol and report linear-probe test accl on CIFAR-100 (%). Each entry is reported as
w/o LBBT / LBBT ; we additionally report the absolute gain as subscript.

| wd=0:05 wd =0:1 wd =0:2

Ir=5e 4|151/ 31:0:15:9 105/ 30:3:19:5 10:3/ 23:5:13 :2
Ir=3e 4|17:2/ 324415 .2 139/ 31:1i17 .2 12:6/ 24:8.12 -2
Ir=1e 3|17:4/ 3504176 16:6/ 33:3+16.7 137/ 26:8:13 1

Neurons Activating Ratio by Images. To quantify how much of the MLP capacity is utilized by visual
inputs, we measure a layer-wisaeuron activation ratio using real image samples. For each Transformer block
*, we record the MLP hidden activations after the nonlinearity (GELU), denoted by A()(x) 2 RT dme for
an imagex, where T is the number of visual tokens anddy, is the MLP hidden width. We aggregate per
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