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ABSTRACT

The growing success of Vision-Language-Action (VLA) models
stems from the promise that pretrained Vision-Language Models
(VLMs) can endow agents with transferable world knowledge and
vision-language (VL) grounding, laying a foundation for actionmod-
els with broader generalization. Yet when these VLMs are adapted
to the action modality, it remains unclear to what extent their orig-
inal VL representations and knowledge are preserved. In this work,
we conduct a systematic study of representation retention during
VLA fine-tuning, showing that naive action fine-tuning leads to
degradation of visual representations. To characterize and measure
these effects, we probe VLA’s hidden representations and analyze at-
tention maps, further, we design a set of targeted tasks and methods
that contrast VLA models with their counterpart VLMs, isolating
changes in VL capabilities induced by action fine-tuning.We further
evaluate a range of strategies for aligning visual representations
and introduce a simple yet effective method that mitigates degra-
dation and yields improved generalization to out-of-distribution
(OOD) scenarios. Taken together, our analysis clarifies the trade-off
between action fine-tuning and the degradation of VL representa-
tions and highlights practical approaches to recover inherited VL
capabilities. Supplementary Material: blind-vla-paper.github.io
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1 INTRODUCTION

Vision–Language Models (VLMs) have demonstrated remarkable
success due to their ability to integrate large-scale multimodal
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Figure 1: Visual alignment method overview. Mid-level VLA

features are projected onto a normalized sphere and aligned

with teacher embeddings, preserving visual semantics and

improving OOD generalization. Bottom plots show compari-

son with standard SFT across three generalization axes on

the Simpler-based benchmark [35].

datasets, thereby acquiring semantic grounding and generalizable
visual-language (VL) representations [2–4, 6, 18, 48]. When exposed
to novel visual or linguistic contexts, such models exhibit robust
cross-modal understanding and compositional perception – prop-
erties that underpin their strong zero and few-shot generalization
beyond the training distribution. These advancements have natu-
rally inspired the extension of VLMs toward embodied domains.

Vision–Language–Action (VLA) models represent a prominent
direction in this research trajectory. They adapt pretrained VLMs
to action prediction tasks in robotic settings, with the goal of lever-
aging the semantic priors and cognition abilities inherited from
large-scale vision–language pretraining. The underlying hypothe-
sis is that, if appropriately adapted, VLA models can transfer the
visual–semantic representations of their initial VLM to the action
domain, enabling generalization to previously unseen scenes, in-
structions, and scenarios. However, in practice, adapting VLMs to
the action modality often introduces new challenges. Several recent
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Figure 2: Overview of the proposed method. (a, b) Training pipeline with visual alignment loss – no extra overhead, only

precomputed teacher features and a lightweight regularization term during SFT. (c) Conceptual illustration of the loss landscape

for VL tasks: the core idea is to optimize the model with respect to the action objective while preserving performance on VL

understanding.

studies [13, 17, 34, 38, 40] have shown that current VLA models
struggle to maintain generalization in visually and linguistically
complex tasks, raising questions about whether strong VL capa-
bilities of VLMs truly transfer to embodied settings. This issue
becomes the most evident during task-specific fine-tuning, where
limited data diversity and datasets frequently lead to overfitting
[15, 16, 40, 43, 54].

During large-scale robotic pretraining, recent works have at-
tempted to mitigate this degradation by preserving multimodal un-
derstanding capabilities. Prior strategies include incorporating aux-
iliary reasoning objectives [12], applying multimodal co-training on
web-scale data [52], or freezing pretrained visual–language back-
bones to preserve VL representations and improve instruction fol-
lowing [7, 17]. While these approaches help retain vision–language
knowledge and improve generalization, they often depend on heavy
supervision, high computational cost, or constrained model archi-
tecture. Yet, despite these advances at the pretraining stage, there
remain no effective methods to address representation degrada-
tion during task-specific supervised fine-tuning (SFT) – the critical
phase where VLA models must adapt to certain robotic domains
without losing their semantic grounding and VL abilities.

In this work, we adopt a realistic VLA deployment setting: start-
ing from a pretrained VLA and adapting it with limited data for
supervised fine-tuning in a chosen embodiment and domain. Under
these constraints, we conduct a systematic investigation into the
degradation of VL representations and multimodal understanding
abilities in VLA models and ask a central question: Can we design

a simple yet effective method to recover the inherited VL

representations during fine-tuning on robotic actions?

To answer this question, we first examined the attention maps
and feature activations of the VLA model in comparison to VLM’s
across matched image-instruction pairs from the robotics domain.
Our analysis of attention maps revealed that: while the pretrained
VLM accurately focuses on task-relevant objects, the fine-tuned
VLA models often produce diffuse or misplaced activations, failing
to attend to key entities under out-of-distribution (OOD) conditions
(Figure 4). Next, we conducted a t-SNE [47] analysis of intermediate
representations across VLM’s and VLA’s layers, which exposed a
clear representation collapse [1, 5] in VLA models – indicating that
standard action fine-tuning compresses diverse internal features

into a narrow representation space, reducing representational diver-
sity and generalization capacity. Next, we propose VL-Think task
suite (section 4) to assess transfer of VL knowledge from VLMs to
VLA models, benchmark several strong VLMs and compare Open-
VLA–7B [28] to its pretrained base (PrismaticVLM [27]).We observe
systematic, domain-specific forgetting after action fine-tuning, in-
dicating that VLAs lose VL knowledge about domains absent from
the robotics fine-tuning data.

To address this representational degradation, we introduce a
lightweight Visual Representation Alignment method inspired
by the Platonic Representation Hypothesis [24]. This hypothesis sug-
gests that large vision and languagemodels tend to converge toward
a shared latent representation space that encodes general visual
and semantic representations across generalist models. Our method
explicitly constrains the visual representations of a VLA to remain
aligned with a generalist vision model throughout fine-tuning. By
maintaining this link, the VLA preserves semantic consistency
while adapting its action policy to new tasks. The method adds
negligible computational overhead and integrates seamlessly with
SFT (Figure 2). Extensive experiments on different variations of
Simpler [30] benchmark demonstrates that this alignment consis-
tently improves out-of-distribution generalization – yielding up to
a 10% relative gain over naive SFT (Table 1).

Our key contributions are as follows:

(1) We systematically demonstrate that naive VLA fine-tuning
induces representation collapse and attention sink relative
to their initial VLM.

(2) We introduce VL-Think, a diagnostic task suite for assessing
transfer of VL knowledge fromVLMs across VLAmodels and
show that VLA action fine-tuning lead to domain-specific
forgetting.

(3) We propose a simple and efficient visual alignment method
that anchors the VLA’s vision representations to strong vi-
sual teacher features, preserving multimodal understanding
and improving OOD generalization without added complex-
ity (Figure 2).

Taken together, our findings provide new insights into the trade-
off between action fine-tuning and representation degradation in
VLAmodels. They underscore the importance of maintaining visual-
language alignment during fine-tuning and provide a practical
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Figure 3: VL-Think Task Suite examples. Each panel illustrates a pick-and-place episode where the agent must place an object

on the board matching the instructed concept (e.g., color, number, symbol, or category).

recipe for building VLAs that do not “blind” the pretrained percep-
tual knowledge they rely upon.

2 RELATEDWORKS

2.1 Vision-Language-Action models

VLAmodels aim to unify perception, reasoning, and control through
large-scale multimodal learning. Early approaches such as RT-1
[10] and RT-2 [57] demonstrated that scaling VL pretraining to
robot data enables generalization across diverse manipulation tasks.
Subsequent works – including OpenVLA [28], Octo [45], MolmoAct
[29], OneTwoVLA [31], and 𝜋0 [9] – explored large scale robotic
pretraining, compact diffusion-based policies, modular reasoning
architectures, token-based decision sequencing, and continuous
flow-matching policies. Across these models, the shared goal is
to couple semantic grounding with low-level motor control in a
unified policy, while maintaining efficiency and generalization in
real-world settings. A central challenge remains the preservation
and retention of VL understanding capabilities during robot fine-
tuning.

2.2 Representation alignment

Recent studies reveal a consistent pattern: as models scale in pa-
rameters, data, and tasks, their representations increasingly align
across architectures and modalities. The Platonic Representation
Hypothesis [24] frames this as convergence to a shared statisti-
cal model of reality, independently trained vision and language
encoders show semantically compatible spaces, and large language-
free visual models reach CLIP-level performance while naturally
aligning with text [19, 19, 37].

Recent representation learning methods reinforce this trend:
REPA [53] aligns diffusion hidden states to strong image encoders
(faster training, better ImageNet quality), OLA-VLM [25] distills
multi-teacher targets into intermediate LLM layers via predictive
embedding losses, 3DRS [23] injects 3D-aware supervision with
multi-view correspondence, andGeometry Forcing [51] aligns video-
diffusion features with a 3D backbone via angular/scale objectives
for temporally consistent generations.

3 PRELIMINARIES

VLA architecture. Let the input multimodal token sequence to
the VLM backbone be

𝑥1:𝑛 = [𝑥1:𝑘 , 𝑥𝑘+1:𝑛] . (1)

where 𝑥1:𝑘 correspond to visual tokens and 𝑥𝑘+1:𝑛 correspond to
textual instruction tokens. These tokens are obtained from two
encoders:

𝑥1:𝑘 = 𝐸image (𝐼 ) ∈ R𝑘×𝑑𝑒 , 𝑥𝑘+1:𝑛 = 𝐸text (ℓ) ∈ R(𝑛−𝑘 )×𝑑𝑒 . (2)

where 𝐸image and 𝐸text denote the image and text encoders into the
common embedding space of dimension 𝑑𝑒 of the VLA model, and 𝐼
and ℓ are the input image and textual instruction, respectively. The
combined sequence 𝑥1:𝑛 is processed by a multimodal Transformer
backbone 𝐵𝜃 : R𝑛×𝑑𝑒 → R𝑛×𝑑𝑒 with 𝐿 stacked layers. Denote the
hidden states after layer 𝑖 by ℎ𝑖1:𝑛 ∈ R𝑛×𝑑𝑒 . Each layer updates the
hidden states using standard self-attention with ℎ01:𝑛 = 𝑥1:𝑛 .:

ℎ𝑖1:𝑛 = Attention(ℎ𝑖−11:𝑛 ) + FFN(ℎ𝑖−11:𝑛 ), 𝑖 = 1, . . . , 𝐿. (3)

4 VL-THINK TASK SUITE

Current evaluations of VLAmodels [14, 34, 38] primarily emphasize
task execution under distribution shifts – such as changes in objects,
scenes, recall-based demands or textures but provide little insight
into whether the VL capabilities and knowledge inherited from the
pretrained VLM are preserved after action fine-tuning. To address
this gap, we introduce the VL-Think Task Suite, a diagnostic suite
designed to evaluate the transfer of VL capabilities from VLMs to
VLAs independently of their low-level control performance. The
suite focuses on testing whether a model continues to understand
visual symbols, compositional cues, and categorical distinctions that
are commonly evaluated in VLM datasets but underrepresented in
robotics domain – rather than whether it can successfully execute
grasp or placement actions. We intentionally minimize control
complexity to ensure that any observed performance degradation
reflects a loss of VL understanding, rather than action execution.
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4.1 Evaluation protocol

To quantify the gap in VL capabilities, we perform evaluations
across both VLA and VLM models.
VLA evaluation. The agent observes RGB frames and language
instructions. The success rate is recorded if a well-known object is
placed on the correct target board. Since motion complexity is fixed,
this directly measures the model’s capacity to ground language in
visual categories rather than its manipulation skills.
VLM evaluation. To assess reasoning in robotics setup without
actions, the same scenes are presented as static initial images with
the probe: “Do you see the <board_name>?”. Answer ‘yes’ or ‘no’. If
yes, specify where: ‘left’, ‘center’, or ‘right’”. A response is counted as
successful only if both the predicted board and its target location
match the ground truth, yielding a success rate that serves as an
action-free measure of semantic grounding.

4.2 VL-Think description

To reduce the embodiment and setup-specific adaptation bottle-
necks, VL-Think Task Suite is based on the realistic Simpler [30]
benchmarkwithWidowX-250S arm pick-and-place task. Each episode
spawns a single source well-known object (carrot) positioned to
yield 100% grasp reliability and multiple planar “boards” textured
with abstract categories (e.g., icons, shapes, numerals). A language
instruction specifies a single target concept (shape, color, icon class,
direction, or parity). The agent succeeds if it places the carrot on the
board that matches the instructed concept. By keeping the objects
and action complexity fixed, the evaluation isolates VL skills while
bounding execution complexity. The VL-Think suite consists of
eight board-selection tasks that probe different aspects of knowl-
edge (see Figure 3). In each task, the agent must place the object on
the board that matches the instructed concept: Shape – the board
whose graphic is the named geometric shape; e.g., “Put the object
on the star.”), Color – the board whose shape has the named color;
e.g., “Put the object on the blue shape”, Traffic – the board depict-
ing one of 24 common traffic signs; e.g., “the yield sign”, Laundry
care – the board depicting one of 17 standard laundry symbols, e.g.,
“Do not bleach”, Weather – the board depicting one of 9 common
weather icons; e.g., “sunny”, “cloudy”, Directional arrow – the
board whose arrow points in the named direction: “up”, “down”,
“left”, “right”, Public information – the board depicting one of
14 public-information signs; e.g., “no dogs allowed”, and Numeral

parity – the board whose printed numeral matches the requested
parity (“odd” or “even”); e.g., “Put the object on the odd number”.

5 VL REPRESENTATIONS ANALYSIS

In this section, we ask: what happens to VL representations and
knowledge in VLA models after action fine-tuning? Does knowl-
edge transfer from VLMs actually occur, and is strong semantic
grounding retained?

To examine how strongly VL representations degrade in VLA
models, we conduct complementary analyses. First, we use t-SNE [47]
visualization to assess whether the model preserves a structured
and separable latent space for instruction-related tokens. Second,
we analyze attention maps to evaluate how accurately the model
focuses on objects referenced in the input instruction. Finally, us-
ing the VL-Think suite, we assess the transferability of VLM VL

skills to VLA policies. Together, these methods provide intuitive
and interpretable diagnostics of VL representation degradation and
domain forgetting – revealing whether the model maintains fo-
cused visual grounding, coherent latent organization and erodes
domain-specific knowledge after action fine-tuning.

5.1 Attention sink

To further investigate how fine-tuning affects the VL grounding
capabilities of VLAmodels, we examine their attention maps, which
reveal how effectively the model focuses on the object referenced in
a textual instruction. This analysis provides a direct probe into how
well the model maintains connection between visual and language
features. For each model, we visualize the attention maps for visual
patch embeddings from the middle layers. Following prior studies
[56], we observe (Figure 4) that the strongest and most semanti-
cally meaningful attention patterns typically emerge in the middle
transformer layers (layers 14–24), where vision–language fusion is
the most active. Among the evaluated models, Qwen2.5-VL exhibits
clear and relevant object-aligned attention, indicating that its atten-
tion is precisely localized on the queried object with minimal spatial
noise. In contrast, OpenVLA displays substantial degradation in
attention quality: the maps become diffuse, noisy, and weakly cor-
related with the target object indicating attention sink [26, 33].
Instead of concentrating on relevant image regions, the OpenVLA’s
attention maps frequently leak into irrelevant background regions
or concentrate on distractor objects (for more results see ??). By
contrast, our proposed Visual Representation Alignment approach
remedies this issue: OpenVLA (Align) trained with it produces crisp,
object-centric attention maps (see ?? for details).

5.2 Representations collapse

To assess how action fine-tuning alters internal VL representa-
tions in VLA models, we run a t-SNE probe on Qwen2.5-VL [4],
PrismaticVLM [27], and OpenVLA [28], providing a qualitative
view of semantic structure in latent space through action train-
ing. Using COCO [32], we sample images from three household
classes (cup, bottle, knife) and query each model with “Do you see
<object_name>?”. We extract the <object_name> token embedding

Layer 16 Layer 17 Layer 18

Question: 

Do you see plate?

Layer 15

Q
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Figure 4: Attention map comparison: the strongest and most

semantically grounded attention appears around middle lay-

ers. OpenVLA fine-tuned with our proposed method (Open-

VLAAlign) maintains object-aligned focus in attentionmaps,

while default OpenVLA SFT shows diffused and noisy pat-

terns, indicating loss of visual-language grounding (for more

results see Appendix ??).
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from transformer layers and project to 2D with t-SNE, coloring
points by class. Figure 5 (middle layers) shows Qwen2.5-VL and
PrismaticVLM yield cleanly separated class clusters, consistent with
semantically organized VLM features, while OpenVLA produces
blurred, overlapping clusters, suggesting robot-control fine-tuning
disrupts inherited structure. This reduced separability resembles
representation collapse [1, 5], where distinct VL representations
compress into less discriminative subspaces.

5.3 Domain forgetting in VLA models

Using the VL-Think task suite (section 4), we evaluate VL capabili-
ties across several state-of-the-art VLMs: InternVL3.5 [48], Ovis2.5
[36], Qwen2.5-VL [4] and focus on OpenVLA–7B [28] versus its pre-
trained base PrismaticVLM [27], which we use as an approximate
upper bound. This comparison probes how much VL knowledge
and semantic grounding skills persist after action fine-tuning.

Two clear trends emerge. First, strong VLMs achieve high suc-
cess rate across all domains, reflecting robust semantic grounding.
Second, action fine-tuning induces systematic, domain-specific for-
getting in VLA models: relative to its pretrained counterpart, Open-
VLA–7B exhibits substantial drops in nearly all domains, with the
largest declines in symbolic and abstract categories (traffic, arrows,
public information, weather). We hypothesize that VLAmodels lose
knowledge about domains that are absent in robotics fine-tuning
datasets. The single domain where transfer persists is Color: the
success rate remains at the level of the initial VLM, likely because
color cues are directly useful for control and are implicitly present
in robotics datasets.

Figure 5: t-SNE visualization of token embeddings for

Qwen2.5-VL, PrismaticVLM, and OpenVLA. While Prismat-

icVLM andQwen2.5-VLmaintains well-separated clusters for

target objects, OpenVLA shows huge overlap across classes,

indicating that action fine-tuning causes representations col-

lapse.

6 METHOD

Following the Platonic Representation Hypothesis [24], we assume
that high-performing vision, language, and multimodal models tend
to converge toward a shared latent representation space that cap-
tures general semantic and perceptual structure across different
modalities. Each modality provides a distinct but compatible view
of this shared space, encoding complementary aspects of the same
underlying VL regularities. From this perspective, a VLA model
can be regarded as a policy that grounds its decision-making in a
subset of these multimodal representations. However, during task-
specific fine-tuning, the policy’s internal features may drift away
from this generalized representation space, causing it to lose con-
nection to broad, transferable semantics. To mitigate this effect,
we introduce a Visual Representation Alignment objective that an-
chors the VLA’s visual representations to a stable external reference
encoding consistent, general-purpose visual semantics (Figure 1).

6.1 Visual representation alignment

We propose a lightweight visual alignment method that recover
generalized and semantically consistent visual representations in-
side a VLA model by regularizing its internal embeddings to remain
close to those of a frozen, pretrained vision teacher. In the Platonic
interpretation, the teacher encoder provides a more stable and
semantically precise projection of the generalized representation
space, while the VLA’s own representations form a task-adapted
approximation of this space. By minimizing their discrepancy, the
model is guided back toward a common semantic structure.

Let 𝐸★img denote the frozen teacher encoder that produces patch-
level features

𝑧1:𝑘 = 𝐸★img (𝐼 ) ∈ R𝑘×𝑑𝑡 , (4)
where each patch embedding 𝑧𝑚−1:𝑚 captures localized visual se-
mantics within the teacher’s high-level feature space. Within the
VLA model, we select an internal layer 𝑖★ that carries semantically
rich visual information and extract the corresponding vision to-
kens ℎ𝑖★1:𝑘 ∈ R𝑘×𝑑𝑒 . Since the dimensionalities differ, we propose a
projector 𝑃𝜑 : R𝑑𝑒 → R𝑑𝑡 and define

𝑢1:𝑘 = 𝑃𝜑
(
ℎ𝑖

★

1:𝑘
)
. (5)

We then compute a patch-wise similarity between the student’s
projected embeddings and the teacher’s features:

Lalign = − 1
𝑘

𝑘∑︁
𝑗=1

Sim
(
𝑢 𝑗 , 𝑧 𝑗

)
, (6)

This objective encourages the hidden representations from the
VLA’s latent feature space to remain aligned with the teacher’s
generalized visual representations, helping preserve perceptual
consistency across tasks and environments.

6.2 Objective

The total loss integrates the standard autoregressive action objective
with the alignment term:

Ltotal = LVLA + 𝜆Lalign, 𝜆 > 0. (7)

Here, LVLA supervises policy learning within the current environ-
ment, while Lalign acts as a regularizer that limits representational
drift away from generalized visual features. Gradients propagate
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Table 1: OOD generalization performance across evaluation environments (mean ± SD). The proposed alignment objective

yields consistent gains over SFT and frozen-encoder baselines, indicating enhanced robustness to OOD domain shifts.

Method Semantic Vision Execution

Carrot Instruct MultiCarrot MultiPlate Plate VisionImg Tex03 Tex05 Whole03 Whole05 Position EEPose PosChangeTo

OpenVLA 0.49±0.02 0.74±0.02 0.28±0.02 0.43±0.02 0.73±0.02 0.81±0.01 0.67±0.01 0.55±0.03 0.71±0.02 0.56±0.01 0.43±0.02 0.34±0.01 0.23±0.01
OpenVLA-Freeze 0.03±0.01 0.05±0.01 0.01±0.01 0.02±0.01 0.03±0.01 0.02±0.01 0.03±0.01 0.01±0.01 0.01±0.01 0.01±0.01 0.03±0.01 0.03±0.01 0.04±0.01
OpenVLA-Align 0.61±0.01 0.83±0.03 0.35±0.02 0.49±0.02 0.75±0.01 0.86±0.02 0.70±0.02 0.67±0.02 0.79±0.02 0.60±0.02 0.58±0.02 0.38±0.02 0.20±0.03

through the VLA’s visual encoder 𝐸img, text encoder 𝐸text, and trans-
former backbone 𝐵𝜃 , while the teacher encoder 𝐸★img remains frozen,
serving as a fixed reference to stable perceptual structure. From
the Platonic viewpoint, our method maintains an semantic prior to
shared, generalized VL knowledge. Action fine-tuning alone nar-
rows the model’s perceptual space toward the statistics of a specific
dataset or embodiment, causing the internal features to drift away
from broad generalized representations. The alignment loss restores
this balance by enforcing consistency between the student’s inter-
mediate features and those of a strong, pre-trained vision model
that encodes more general visual–semantic relationships.

7 EXPERIMENTS

7.1 Evaluation setup

We evaluate our approach in Simpler-based robotics environments
[30, 44] using the proposed VL-Think suite (section 4), diverse
suite of long-horizon, language-conditioned manipulation tasks
LIBERO [34] and the RL4VLA [35] benchmark, which measures
VLA generalization along three axes:

• Vision: foreground/background changes via dynamic tex-
tures and image-level noise, testing robustness to weak and
strong visual perturbations.

• Semantics: unseen objects/receptacles, paraphrased instruc-
tions, and multi-object or distractor setups that stress com-
positional reasoning.

• Execution: randomized initial poses and mid-episode object
repositioning, probing action-level robustness.

OOD evaluation holds out at least one factor per axis (9 novel
objects, 16 unseen receptacles, 5 new textures, 16 distractor back-
grounds). We also run linear probing on ImageNet-100 [46] to assess
representation quality. Each variant is evaluated over 128 seeds; we
report mean success ± SD. In section 8, we use a paired one-sided
Wilcoxon signed-rank test [50] and report p-values. All models use
identical epochs and hyperparameters for fair comparison.

7.2 Training setup

For supervised fine-tuning on RL4VLA [35] benchmark, we collect
1400 expert demonstration trajectories using the MPLib motion
planner [20]. Training randomization spans 16 tables, 16 objects
(yielding on average ∼5 episodes per training variation), and multi-
ple pose perturbations. During all fine-tuning runs, LoRA adapters
[22] are applied to all linear layers of the VLA. For LIBERO we use
standard training setup, see Appendix (??) for details.

7.3 Baselines

Using a widely adopted open-source OpenVLA [28], 𝜋0.5 [8], and
SmolVLA [42] models, we compare our proposed alignment method
against several fine-tuning baselines.

• Default: standard supervised fine-tuning (SFT) using cross-
entropy loss on demonstration data, serving as the primary
baseline.

• Freeze: SFT with the VLA’s visual encoder weights frozen
during training, this setup tests the hypothesis that frozen
representations might help with generalization.

• Align: SFT combined with our auxiliary Visual Represen-
tation Alignment loss, described in subsection 6.1, which
explicitly anchors the VLA’s vision encoder to a pretrained
generalist vision teacher.

7.4 Results: OOD Evaluation

Results in Table 1 show that our Visual Alignment method yields
consistent improvements across all evaluation axes highlighting the
effectiveness of Visual Representation Alignment for robustness to
visual shifts, text instruction variations, texture changes, and back-
ground perturbations common in real-world scenarios. These gains
suggest that aligning internal visual-language embeddings both sta-
bilizes perception and strengthens semantic grounding. Conversely,
the Freeze baseline fails across all categories (as also observed in
[49]), yielding near-zero performance. Without joint optimization,
frozen features become mismatched with evolving action compo-
nents, severely degrading perception and control. Overall, these
results shows that Visual Alignment enabling the model to recover
general-purpose visual semantics while adapting to new robotic
environments.

Table 2: Success rate on LIBERO. Representation Alignment

method improves performance over the corresponding naive

SFT baseline acrossmost suites and all evaluatedVLAmodels.

Method Spatial Object Goal Long

OpenVLA 85.2 89.0 90.4 76.8
OpenVLA-Align 93.2 96.4 95.6 89.4

𝜋0.5 94.4 92.4 91.6 92.0
𝜋0.5-Align 96.8 95.0 92.4 93.2

SmolVLA 89.0 91.8 90.2 63.4
SmolVLA-Align 93.8 95.2 92.8 81.0
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Table 3: Linear probing results on ImageNet-100

Model Accuracy (%)

C-RADIOv3 87.31
OpenVLA Align 82.13
OpenVLA Pretrained 79.88
OpenVLA SFT 77.48

7.5 Results: LIBERO

Using LIBERO task suite, we compare OpenVLA, 𝜋0.5 and SmolVLA
naive SFT baselines to their aligned counterparts trained using
Visual Representation Alignment. Table 2 shows that alignment
consistently improves performance over default SFT for most VLA
models on LIBERO. This shows that Visual Representation Align-
ment is model and benchmark agnostic and applies across multiple
VLA architectures and task suites. Notably, 𝜋0.5 is initialized from a
knowledge-insulated [17] checkpoint, yet alignment still improves
success rate over SFT. This indicates our method remains effective
alongside pretraining-time techniques that mitigate representation
degradation, making the two approaches complementary.

7.6 Results: Linear probing

Weevaluate representational quality via linear probing on ImageNet-
100 [46]. Specifically, we extract patch embeddings from the final
C-RADIOv3 [21] teacher layer and intermediate visual layers of
OpenVLA variants. Following standard practice [24, 53], we freeze
models and train a linear classifier on frozen features to measure se-
mantic separability, directly testing linear separability after action
fine-tuning. Table 3 shows that C-RADIOv3 attains the highest ac-
curacy. Among VLA variants, our Visual Representation Alignment
outperforms both the pretrained checkpoint and naive SFT, indi-
cating improved representations during action fine-tuning. Naive
SFT sharply reduces accuracy versus pretrained, confirming rep-
resentational degradation. Our aligned model mitigates this and
surpasses pretrained, suggesting the alignment loss strengthens
semantic consistency and yields more transferable visual features.

7.7 Results: VL-Think

Following subsection 5.3, we evaluate OpenVLA fine-tuned with
our visual representation alignment (OpenVLA-7B-Align) under

Table 4: Comparison of pretrained Vision Teachers. Values

representmeanwithin each dimension and p-value (formore

details see ?? from Appendix).

Teacher Semantic Vision Execution

C-RADIOv3 0.61 0.72 0.39
DINOv2 0.57 (p=0.05) 0.69 (p=0.12) 0.37 (p=0.43)
SigLIP 0.54 (p=0.01) 0.65 (p=0.03) 0.35 (p=0.09)
Theia 0.56 (p=0.03) 0.67 (p=0.05) 0.36 (p=0.15)

Table 5: Comparison of alignment paradigms across general-

ization dimensions reported as mean across dimensions and

p-value.

Method Semantic Vision Execution

Backbone2Enc 0.61 0.72 0.39
Enc2Enc 0.55 (p=0.01) 0.66 (p=0.04) 0.38 (p=0.64)

identical data, budget, and evaluation settings. Table 7 shows SFT-
Align partially mitigates domain forgetting compared to default
SFT: Color and Shape improve, even surpassing the PrismaticVLM
upper bound, while other domains remain largely unchanged. This
highlights both the promise and limits of representation alignment
under constrained settings. We hypothesize that limited SFT data
breadth and LoRA expressivity are insufficient to recover rarer
VL concepts underrepresented in robotics data. Expanding data
diversity and relaxing parameter-efficiency constraints may yield
broader gains, which represent promising direction for future work.

8 ABLATIONS

In this section, we conduct a systematic ablation study to analyze
how different design choices affect the performance of our visual
alignment method. We examine the impact of the teacher model
used for alignment, the alignment strategy and target layers, the
projector type and the loss functions. Together, these experiments
provide insights into which components are most critical for effec-
tive alignment of visual representations.

8.1 Visual teacher models

A key question is teacher choice for reference representations. From
a Platonic perspective, each vision foundation encoder projects gen-
eralizable visual knowledge differently, and aligning to a stronger
teacher better preserves transferable representations in the VLA
during fine-tuning.We test whether encoders trained on large-scale,
diverse, multi-view data improve alignment and transfer, evaluating
DINOv2 [39], SigLIP [55], C-RADIOv3 [21], and Theia [41]. Table 4
shows C-RADIOv3 performs best overall, suggesting that more ca-
pable models trained on semantically rich, multimodal data provide
more stable, generalizable features for alignment that guide the
VLA toward transferable, semantically consistent representations
and improved robustness across tasks and domains.

Table 6: Comparison of different layers for alignment across

generalization dimensions (mean across dimensions, p-value)

(for detailed results see ?? from Appendix).

Method Semantic Vision Execution

Middle 0.61 0.72 0.39
Early 0.51 (p<0.01) 0.66 (p=0.04) 0.38 (p=0.85)
Late 0.54 (p=0.03) 0.69 (p=0.83) 0.36 (p=0.52)
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Table 7: VL-Think VLM results across eight domains. The benchmark reveals a strong correlation between VL understanding

and model scale: larger VLMs achieve higher overall success. However, OpenVLA–7B fine-tuned for action shows clear VL

degradation: its performance drops markedly compared to the original PrismaticVLM across all domains except color, where

VL skills remain largely preserved.

Model Arrow Color Laundry Parity PublicInfo Shape Traffic Weather

InternVL3.5-4B 0.76 ± 0.01 0.91 ± 0.01 0.26 ± 0.02 0.60 ± 0.03 0.88 ± 0.02 0.78 ± 0.02 0.71 ± 0.02 0.71 ± 0.01
InternVL3.5-8B 0.73 ± 0.05 0.86 ± 0.02 0.21 ± 0.02 0.53 ± 0.05 0.77 ± 0.00 0.76 ± 0.02 0.54 ± 0.03 0.73 ± 0.03
Ovis2.5-2B 0.86 ± 0.01 0.96 ± 0.01 0.34 ± 0.02 0.74 ± 0.04 0.78 ± 0.02 0.92 ± 0.02 0.73 ± 0.01 0.95 ± 0.01

Ovis2.5-9B 0.99 ± 0.01 0.92 ± 0.02 0.51 ± 0.01 0.56 ± 0.04 0.84 ± 0.03 0.94 ± 0.01 0.76 ± 0.02 0.95 ± 0.00

Qwen2.5-7B 0.58 ± 0.03 0.73 ± 0.02 0.16 ± 0.02 0.49 ± 0.04 0.34 ± 0.02 0.70 ± 0.06 0.42 ± 0.04 0.48 ± 0.01
Prismatic-DS-7B 0.47 ± 0.03 0.69 ± 0.03 0.37 ± 0.03 0.45 ± 0.03 0.62 ± 0.03 0.59 ± 0.03 0.48 ± 0.03 0.62 ± 0.03

OpenVLA-7B 0.26 ± 0.02 0.69 ± 0.02 0.30 ± 0.03 0.43 ± 0.02 0.24 ± 0.02 0.40 ± 0.02 0.29 ± 0.02 0.32 ± 0.03
OpenVLA-7B-Align 0.24 ± 0.02 0.82 ± 0.02 0.29 ± 0.03 0.42 ± 0.03 0.30 ± 0.03 0.48 ± 0.02 0.28 ± 0.03 0.27 ± 0.02

8.2 Alignment method

We evaluate which VLA level benefits most from visual representa-
tion alignment by comparing two paradigms: (i) Backbone2Enc,
aligning the VLA transformer backbone to the teacher visual en-
coder’s final-layer features, and (ii) Enc2Enc, aligning the VLA
visual encoder to the teacher’s visual encoder’s final-layer embed-
dings. Our experiments (??) show Backbone2Enc consistently per-
forms better, indicating degradation primarily arises in the middle-
to-late fusion layers where VL fusion are most active. Regularizing
these middle representations is key to preserving visual–semantic
consistency while letting lower layers adapt to domain-specific
low-level cues.

8.3 Projector type

To evaluate how different projection mappings affect representa-
tion alignment, we compare projectors mapping from VLA hidden
states R𝑑𝑒 to the teacher space R𝑑𝑡 via 𝑃𝜑 . All projectors share
identical input–output dimensions but differ in their internal trans-
formation 𝑃𝜑 : R𝑑e → R𝑑𝑡 . We examine multiple projection strate-
gies, including linear, cosine-similarity–based, orthogonal, spectral-
normalized, FiLM-conditioned, Whitening–affine, and MLP-based
mappings. Across all evaluations, a frozen MLP yields the most
reliable alignment. Freezing is crucial: when trainable, the model
mainly lowers loss by adapting the projector especially with limited
alignment data and a large gap (𝑑𝑡 = 768,𝑑𝑒 = 4096) quickly approx-
imating the teacher space and bypassing representational change.
Freezing blocks this shortcut, forcing updates into the student hid-
den states and producing more semantically grounded, transferable
alignment.

Table 8: Comparison of different loss functions across gener-

alization dimensions (mean across dimensions, p-value).

Objective Semantic Vision Execution

Cosine 0.61 0.72 0.39
L2 0.54 (p<0.01) 0.63 (p<0.01) 0.34 (p=0.05)
InfoNCE 0.57 (p=0.05) 0.64 (p=0.04) 0.36 (p=0.21)

8.4 Alignment layers

We further investigate which layers within the VLA transformer’s
backbone should be aligned to achieve the most effective repre-
sentation recovery. Prior literature on VLM interpretability [56]
and our own analyses (subsection 5.1) suggest that middle layers
are primarily responsible for VL fusion and semantic grounding,
whereas early layers encode low-level features and later layers spe-
cialize in action prediction. Accordingly, we perform experiments
aligning different types of layers: Early, Middle, Late. The results
(Table 6) confirm that the middle layers play a central role in seman-
tic grounding and and aligning them yields the most substantial
improvements across generalization axes.

8.5 Loss functions and alignment coefficient

Finally, we assess the impact of the alignment loss and its weight-
ing coefficient. We test several variants, including cosine similarity
(Cosine), L2, and contrastive NT-Xent [11] losses, across alignment
coefficients 𝜆 = {0.2, 0.5, 1.0, 3.0}. The results demonstrate (Table 8)
that Cosine loss achieves the most stable and consistent improve-
ments, particularly when the auxiliary weight is set to 𝜆 = 0.2. This
setting effectively constrains representation drift without overpow-
ering the task objective.

9 CONCLUSION

In this work, we examined how fine-tuning VLA models on robotic
tasks leads to degradation of VL understanding and representation
quality. To analyze this effect, we introduced the VL-Think diag-
nostic suite and interpretability probes, including attention map
analyses and linear probing, which reveal how VL skills degrade
during action fine-tuning. To address this issue, we proposed a
lightweight Visual Alignment method that anchors the VLA to
its pretrained visual teacher, consistently improving OOD gener-
alization across diverse domains including novel objects, unseen
scene compositions, texture and lighting variations, and instruction
paraphrases. Due to compute constraints, our study focused on
fine-tuning rather than full-scale pretraining. We hope this study
guides future efforts toward scalable robotic pretraining and sys-
tematic evaluation of how VLAs inherit and retain VL knowledge
from VLMs.
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