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Abstract. Finetuning pretrained vision-language models (VLMs) on
robot demonstrations has become the standard path to capable Vision-
Language-Action (VLA) policies, but we show that this process intro-
duces two concrete failure modes. First, action finetuning causes repre-
sentation erosion: gradient updates progressively overwrite pretrained
VLM representations, degrading vision-language reasoning across multi-
ple axes. Second, because language and action are always supervised
on separate observations, the same model can produce contradictory
outputs on the same robot observation, reporting “left” while executing
an upward motion. We propose Anchor-and-Align, a finetuning recipe
that addresses both. Vision-Language Anchoring keeps a frozen copy
of the pretrained VLM as an anchor and applies a layer-wise distilla-
tion loss to preserve pretrained representations throughout finetuning.
Language-Action Alignment uses ACL (Action-Consistent Language), a
framework that programmatically converts robot demonstrations into
synchronized language-action supervision with no human annotation,
and jointly trains the model on action prediction and action-grounded
language targets on the same observations. Anchor-and-Align improves
task success on LIBERO-Pro and LIBERO-Plus stress tests and trans-
fers consistently to a real robot setup, while mechanistic analysis confirms
that pretrained VLM representations are preserved and action decodabil-
ity improves, explaining the generalization gains.

1 Introduction

Vision-language models (VLMs) are strong generalists. Models trained on internet-
scale data identify objects, reason about spatial relationships, follow complex
instructions, and transfer across visual domains without task-specific training.
By finetuning a pretrained VLM to generate continuous control outputs (3D
end-effector position, rotation, and gripper state) rather than words, one ob-
tains a Vision-Language-Action (VLA) model that inherits this generalization
capability for robot manipulation. This approach has become a large and active
research area. A particularly effective recipe has emerged: directly fine-tune a
pretrained VLM on downstream task demonstrations [32], bypassing large-scale
cross-embodiment robot pretraining that earlier approaches required [17,40]. We
study what this finetuning process does to the VLM and how to do it better.
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Fig. 1: Two failure modes in VLM-to-VLA finetuning addressed by Anchor-
and-Align. (a) Action finetuning causes representation erosion. Vision-Language An-
choring in Anchor-and-Align prevents this, preserving pretrained VLM knowledge
throughout training. (b) VLAs exhibit language-action inconsistency on the same
robot observation. ACL measures this, and Language-Action Alignment resolves it. (c)
Anchor-and-Align consistently improves task success across LIBERO, LIBERO-Pro,
LIBERO-Plus, and a real xArm7 robot setup.

As shown in Fig. 1a, finetuning on robot action prediction substantially de-
grades vision-language reasoning capability. We probe this across multiple axes:
VQA accuracy, motion semantics, spatial grounding, and orientation reason-
ing all decline. The cause is representation erosion: action finetuning shifts the
model’s internal representations away from those established during VLM pre-
training. The VLM backbone is left unfrozen to adapt to robot observations, and
it does adapt, but gradient updates focused on action prediction progressively
overwrite the pretrained VLM representations that support generalization.

We address representation erosion through Vision-Language Anchoring : keep-
ing a frozen copy of the original pretrained VLM (the anchor) and applying a
layer-wise distillation loss that constrains the policy’s hidden states to remain
close to the anchor’s. This objective requires no additional data or architectural
changes, and outperforms other knowledge preservation baselines.

finetuning also introduces a second failure mode: language-action inconsis-
tency, illustrated in Fig. 1b. On the same robot observation, the action output
and language output can directly contradict: the action encodes upward motion
while the model outputs “left,” or the gripper remains open while the model re-
ports task completion. Co-trained VLAs, which jointly train on generic internet
VQA data and robot actions specifically to retain language capability, exhibit
the same problem. Language and action are supervised on separate observa-
tions throughout training, so the two output heads have no mechanism to agree
with each other. Co-training preserves language accuracy on generic benchmarks
without resolving the inconsistency on robot observations. To our knowledge, no
prior work measures language-action agreement on the same robot observation,
making this inconsistency invisible to existing evaluation protocols.

We address this by deriving synchronized language supervision from the
downstream task demonstrations already used for action training. We program-
matically convert action labels into discrete language targets covering motion
direction, grasp state, and task completion, each paired with the corresponding
action on the same observation. We call this framework ACL (Action-Consistent
Language). Language-Action Alignment, which trains jointly on continuous ac-
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tion prediction and these action-grounded language targets, resolves the inconsis-
tency and improves downstream task performance, establishing language-action
agreement as a reliable indicator of policy quality.

We evaluate on LIBERO, LIBERO-Pro, and LIBERO-Plus (recently pro-
posed variants that stress-test generalization beyond what standard LIBERO
reveals), and on a physical xArm7 robot manipulation setup (Fig. 1c). Vision-
Language Anchoring and Language-Action Alignment together form Anchor-
and-Align, improving task success by 5–15% on LIBERO-Pro and LIBERO-
Plus over action-only finetuning, with consistent gains in real-world transfer.
In summary, this paper contributes:
(1) A characterization of representation erosion in VLA finetuning.

We show that action finetuning degrades pretrained VLM representations
across multiple axes, and that this degradation persists even in co-trained
VLAs.

(2) Vision-Language Anchoring, a layer-wise distillation from a frozen VLM
copy that prevents representation erosion with minimal overhead, outper-
forming knowledge insulation [10] and other baselines.

(3) ACL (Action-Consistent Language), a programmatic framework that converts
any robot demonstration into synchronized language-action pairs with zero
human annotation. ACL serves two roles: as an evaluation protocol enabling
the first systematic measurement of language-action agreement in VLAs, and
as a supervision source for the alignment objective in Anchor-and-Align.

(4) Language-Action Alignment via ACL supervision, which jointly trains
continuous action prediction and action-grounded language prediction on
the same observations, eliminating self-contradiction and improving gen-
eralization. Combined with Vision-Language Anchoring, Anchor-and-Align
improves task success by 5–15% on LIBERO-Pro & Plus, quadruples per-
formance under position-swap perturbation (24.4% vs. 6.1%), and transfers
to real-world xArm7 manipulation.

2 Related Works
General-Purpose VLAs for Robot Manipulation. VLAs leverage pre-
trained VLMs as foundation policies for generalist manipulation, adapting to
downstream tasks with minimal finetuning [4, 9, 11, 16, 19, 27, 28, 31]. RT-2 [40]
co-fine-tunes a VLM on robot trajectories and shows web-scale VL pretrain-
ing yields emergent generalization to novel objects and compositional reasoning.
OpenVLA [17] is trained on real-robot demos from Open X-Embodiment [24],
demonstrating the effectiveness of large-scale cross-embodiment training. Ar-
chitectural variants include flow-matching continuous actions (π0, π0.5) [2,10], a
frozen-VLM + diffusion-transformer dual system for humanoids [1], and a billion-
parameter diffusion expert with curriculum learning [33]. VLA-Adapter [32]
challenges this reliance on large-scale robotic pre-training entirely: by introduc-
ing a lightweight Bridge Attention mechanism, it turns any off-the-shelf VLM
into a VLA, achieving strong performance. Unlike previous VLA works, our work
investigates which finetuning recipe best preserves the VLM representations.
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Co-training in VLAs. Co-training on a mixture of robot and generic vision-
language data has emerged as the dominant strategy to prevent VL catas-
trophic forgetting while finetuning a VLM on robot action data [18, 26, 33, 35].
Magma [35] introduces the Set-of-Mark objective to better ground actions within
multimodal representations. MolmoAct [18] adds depth-aware perception tokens
and editable waypoint traces to support low-level action prediction. ECoT [36]
trains VLAs to produce explicit chain-of-thought plans and grounding before act-
ing. ChatVLA [38, 39] uses phased alignment and mixture-of-experts to reduce
catastrophic forgetting during control training. These works share a common
structure: language preservation is treated as a secondary objective, addressed
by mixing in external VQA data or adding modality-specific losses drawn from
sources separate from robotics. None of these prevent the drift of the source
by constraining the VLM backbone, nor do they derive language supervision di-
rectly from the action trajectories themselves. Anchor-and-Align addresses both:
it anchors the backbone to a frozen pretrained VLM via layer-wise distillation to
prevent drift, and it constructs language targets programmatically from the same
demonstrations used for action training, explicitly tying language and control to
the same observations rather than to separate data streams.
Embodied Question Answering. Evaluating multimodal models in physically
grounded tasks has a long history, from navigation-centric question answering [8]
to open-world embodied reasoning with foundation models [23]. These works es-
tablish a principle: language understanding and physical grounding must be eval-
uated together. Recent efforts bring this principle to robotic manipulation, con-
structing question-answering benchmarks from real-world robot datasets [6,26],
probing whether VLMs maintain coherent internal world models during inter-
action [13]. Despite this progress, a critical gap persists specifically for VLAs.
Existing co-trained VLAs [35, 39, 40] evaluate retained language capability on
generic benchmarks such as TextVQA [30], which use web-crawled images far
removed from robot observations. These evaluations measure whether language
survives co-training in isolation, but never whether the model’s language pre-
dictions are consistent with its own action predictions on the same robot obser-
vation. We introduce ACL to close this gap: it converts any robot demonstration
into synchronized language-action evaluation pairs and measures language-action
agreement as an important metric, revealing misalignment in co-trained VLAs
that generic VQA metrics entirely miss.

3 Anchor-and-Align

We present Anchor-and-Align (Fig. 2), a language-action alignment finetuning
recipe for adapting a pretrained VLM into a continuous action policy while pre-
serving its pretrained VL representations. We use VLA-Adapter as our backbone
(Sec. 3.1). Anchor-and-Align operates through two objectives: (i) layer-wise an-
choring to the frozen VLM to retain the visual-language understanding ability of
the backbone VLM (Sec. 3.2), and (ii) a language alignment objective that first
derives discrete language labels from the action trajectories using ACL (Sec. 3.3)
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Fig. 2: Anchor-and-Align. During VLA training, we use a frozen VLM as an an-
chor to prevent the VLM backbone’s representations from drifting. We align language
and action generation using ACL-derived action-aligned language–action ground-truth
targets. We apply a token-wise MSE loss across transformer layers to match the back-
bone’s vision-language representations to the anchor VLM.

and then supervises the backbone to predict them (Sec. 3.4). Both objectives
are jointly optimized alongside the primary action loss (Sec. 3.5).

3.1 Background on Base VLA Architecture

We build on the architecture of VLA-Adapter [32], a lightweight framework
that turns any off-the-shelf VLM into a continuous action policy without large-
scale robotic pre-training. Unlike other VLAs [1, 5, 17, 39], it does not require
pre-training on massive robotics data before it can be finetuned to a down-
stream robotics task. Its bridge attention mechanism identifies the VL condi-
tions most informative for control, and injects them into the action space via
cross-attention rather than co-training the entire VLM on robot data. During
finetuning, only LoRA parameters and the action head are updated. Despite
this efficiency, action-centric LoRA finetuning induces representation erosion:
the backbone’s internal VL abstractions erode, degrading the pretrained knowl-
edge that underlies generalization (empirically demonstrated in Sec. 4.5).

3.2 Anchoring VLM Representations

To prevent the representation erosion, we anchor the backbone VLM of the
VLA with a frozen copy of the same VLM, initialized with pretrained weights,
that processes the same input batch in parallel. This continues distilling the
original pretrained VLM’s knowledge into the backbone VLM of the VLA. We
align hidden states between the backbone and this anchor at every transformer
layer ℓ ∈ 1, . . . , 24, excluding the embedding layer. Alignment is restricted to
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non-action positions, comprising vision patches and text tokens, with all action
token positions masked out. Let m denote the set of non-action positions. The
per-layer anchoring loss is L(ℓ)

anchor =
∥∥HS

ℓ [m] − HA
ℓ [m]

∥∥2
2
, where HS

ℓ ∈ RN×d

and HA
ℓ ∈ RN×d are the backbone and anchor VLM hidden states at layer

ℓ, respectively. The total anchoring loss averages over all L layers: Lanchor =
1
L

∑L
ℓ=1 L

(ℓ)
anchor. This per-layer MSE constraint prevents the representational

erosion that unconstrained LoRA action finetuning otherwise causes.

3.3 Deriving Language Labels from Robot Actions with ACL
The alignment loss uses language supervision derived directly from ground-truth
action trajectories. Specifically, for each training sample, ACL automatically as-
signs a discrete language target derived from the action label at that training
instance. First, ACL creates a set of language-based direction labels W : {up,
down, left, right, front, or back} that are easily interpretable by the VLM. Then,
ACL maps these labels to the action ground truth. ACL does this via a 3-step
process: average chunking, filtering, and discretization.

We perform average chunking to reduce noise in the action ground truth.
Here, we average the translational components (x, y, z) of the action tokens
across the chunk dimension K. Given chunked actions A ∈ RB×K×7, the mean
translation for each sample in the batch is v̄ = 1

K

∑K
k=1 A:,k,1:3 ∈ RB×3. Then,

we filter out near-stationary samples, since a direction label is not meaningful
when the robot barely moves. Any sample i satisfying ∥v̄i∥2 < τdir is masked
out, where τdir is a motion-threshold hyperparameter. Finally, we discretize the
remaining samples. We assign a direction label by identifying the dominant axis,
j⋆ = argmaxj∈{x,y,z} |v̄i,j |, and using the sign of v̄i,j⋆ to select one of the six
direction words. This produces a discrete language label for each valid trajectory
that can be used as a language supervision signal in the alignment loss.

3.4 Aligning Language With Action
Given the images and instruction, the model should be able to predict what
direction the robot is about to move, expressed as a real English word. Requiring
this prediction to be natural language forces the pre-action representation to
remain language-grounded while remaining informative for downstream action
decoding. Supervising this position also sends gradients through both the vision
and language pathways without directly manipulating vision patch embeddings.

To tie such language representations to the physical action space, we su-
pervise a single token that sits at the exact boundary where language ends
and action generation begins. The hidden state of the last text token, imme-
diately preceding the first action token, satisfies both requirements via causal
self-attention: it attends to all vision patches and all text tokens, making it a
natural summary of everything the model has observed before producing an
action. Let tacti be the index of the first action token in sample i within the
text-and-action segment, and let V be the vision prefix length. The pre-action
position and its hidden state are tpre

i = V + tacti − 1, and hpre
i = HS

L

[
tpre
i

]
∈ Rd,

where HS
L is the backbone VLM’s last-layer hidden state. We then project hpre

i
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into the language embedding space and apply the frozen pretrained language
head:

zi = Wproj h
pre
i ∈ Rd, ℓi = Wlm zi ∈ R|V|, (1)

where Wproj ∈ Rd×d is a learned projection and Wlm ∈ R|V|×d is the frozen
LM head weight matrix. The alignment loss is then the cross-entropy against
the direction label y derived in Section 3.3: Lalign = CE(ℓ, y).

3.5 Training Details

The primary action loss Laction is ℓ1 regression between the predicted and the
ground-truth robot actions across denoising steps, consistent with [32]), for a
headon comparison. Anchoring loss Lanchor is defined in Sec. 3.2 and the align-
ment loss Lalign in Sec. 3.4. The three terms are jointly optimized as follows:

Ltotal = Laction + λanchor Lanchor + λalign Lalign (2)

We update only the backbone’s LoRA parameters, the action head, and Wproj.
The anchor VLM and the pretrained LM head Wlm remain frozen.
Implementation Details. We use Qwen2.5-0.5B [34] and fine-tune it with
LoRA with rank r = 64, applied on all layers. The input sequence is vision +
text + action tokens. The 512 vision patches are obtained from two images. We
extract DINOv2 and SigLIP features for each image and concatenate them along
the feature dimension per patch, producing a single richer patch embedding.
Each image yields 256 patches; with two input images, the full vision prefix is 512
patches in total. The backbone VLM forward pass runs once, and the resulting
hidden states are shared across all loss terms to avoid redundant computation.
Additional details about hyperparameters and other design choices have been
described in detail in App. ??.

4 Experiments

We organize our experimental evaluation as follows: Sec. 4.1 describes the bench-
marks and baselines. Sec. 4.2 presents quantitative results on LIBERO, LIBERO-
PLUS (robustness), and LIBERO-PRO (generalization) benchmarks. Sec. 4.3
validates that the gains transfer to a physical robot. Sec. 4.4 introduces the ACL
diagnostic framework, which measures language–action alignment in state-of-
the-art co-trained VLA models. Finally, Sec. 4.5 provides ablations and repre-
sentational analyses that explain why anchoring and alignment improve perfor-
mance and generalization.

4.1 Benchmarks and Baselines

Baselines. We compare against 12 baselines spanning non-VLM policies, VLM-
based VLAs with standard action finetuning, and methods that explicitly address
knowledge preservation during finetuning.
• Non-VLM and standard VLM-based VLAs. We compare against Diffu-
sion Policy [7] (non-VLM diffusion-based control), π0-FAST [2,25] (DCT-based
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action tokenization), SmolVLA [29] (flow-matching action expert), OpenVLA-
OFT [16] (parallel-decoded continuous actions), VLA-0 [14] (plain-text action
integers), and VLA-Adapter [32] (Qwen2.5 [34] with LoRA), which serves as our
backbone.
• Knowledge-preservation approaches. π0.5-KI [10] addresses catastrophic
forgetting by training discrete FAST action tokens on the VLM backbone while
stop-gradient prevents action-gradients from corrupting pretrained representa-
tions. VLA-Adapter[Frozen] [32] represents the extreme preservation baseline:
the VLM backbone is entirely frozen and only the action head is trained, trivially
preserving all pretrained knowledge at the cost of reduced task performance.
• Co-training baseline. MolmoAct [18] augments a VLM with depth-aware
perception tokens and image-space waypoint planning for 3D spatial reasoning.
We further implement Knowledge Insulation [10] on top of VLA-Adapter. Fol-
lowing Driess et al. [10], we apply a stop-gradient operation to prevent action
gradients from updating the VLM backbone, and jointly train on VQA data
(VSR [22], GQA [15], and COCO [20]) alongside action finetuning with LoRA,
maintaining the language modeling head for VQA forward passes while using the
L1 regression action head for robot data. This baseline tests whether shielding
the VLM from action gradients and co-training on language data is sufficient to
prevent the representational drift we observe in action-only finetuning.

Benchmarks. We evaluate on the LIBERO simulation suite [21] and its two
recent stress-test extensions, LIBERO-PRO [37] and LIBERO-Plus [12]. To-
gether, these three benchmarks span in-distribution task completion [21], se-
mantic generalization under perturbations [37], and perceptual robustness under
deployment-realistic distributional shift [12].
• LIBERO [21] is a tabletop manipulation benchmark with four suites of 10
tasks each—Spatial, Object, Goal, and Long—that isolate spatial reasoning,
object knowledge, procedural knowledge, and long-horizon composition, respec-
tively. Test initial states are drawn from the same distribution as training, so
LIBERO measures in-distribution generalization: the ability to reliably repro-
duce learned behaviors under familiar conditions.
• LIBERO-PRO [37] tests semantic generalization via three controlled out-of-
distribution perturbations: language rephrase (paraphrased instructions), object
swap (visually distinct instances from the same category), and position swap (re-
arranged spatial layouts). Since standard LIBERO conditions are near-identical
to training, policies can score above 95% by memorizing fixed motor programs;
LIBERO-PRO exposes this by requiring genuine linguistic grounding, visual gen-
eralization, and compositional spatial reasoning. Position swap (Fig. 3) is the
hardest axis: strong VLAs, including OpenVLA-OFT and Molmoact, score 0%.
• LIBERO-Plus [12] tests perceptual and physical robustness across seven
deployment-realistic perturbation axes: camera viewpoint, lighting, background
texture, object layout, robot initial state, language instruction, and sensor noise.
These directly mirror real-world variability such as camera mounting impreci-
sion, workspace lighting changes, and sensor degradation, making LIBERO-Plus
the closest proxy for sim-to-real transfer.
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Fig. 3: Qualitative comparison under position-swap perturbation. Top: the
standard and swap configurations for the task “pick up the black bowl between the plate
and the ramekin and place it on the plate”; the plate and cookie box are swapped
relative to training. Bottom: rollout trajectories. Action-Only Finetuning (red) fails to
adapt to the rearranged layout, while Anchor-Align VLA (green) correctly identifies
the target bowl and completes the pick-and-place despite the unseen object positions.

4.2 Quantitative Results

In this section, we present the main empirical results of the paper. Additional
results and supporting analyses are provided in the supplementary (App.??).
Anchor-and-Align improves generalization and robustness. Both Anchor-
Align VLA and Anchor VLA demonstrate strong performance on the gener-
alization and robustness tests of LIBERO-PRO and LIBERO-Plus. This con-
firms that our method successfully improves generalization by preserving VLM
knowledge and aligning language with action. Anchor-Align VLA surpasses the
strongest prior method (VLA-Adapter [32]) by approximately 6% in overall
LIBERO-Plus success rate (90.3% vs. 85.1%). The gains are most pronounced
on the hardest perturbation categories.
Anchor-and-Align significantly improves language understanding. The
language-sensitive axes of both benchmarks reveal the largest gains from our
method. On LIBERO-PRO language rephrase, Anchor-Align VLA achieves 96.6%
and Anchor VLA achieves 95.4%, compared to 74.2% for VLA-Adapter and
74.4% for OpenVLA-OFT, an improvement of over 22% over the best prior
action-only finetuned model. Even MolmoAct, a 7B model with depth-aware per-
ception and co-training, reaches only 77.8%. The same trend holds on LIBERO-
Plus language instruction, where Anchor VLA scores 90.5% and Anchor-Align
VLA scores 87.2%, surpassing VLA-Adapter (85.1%), OpenVLA-OFT (81.5%),
and MolmoAct (79.5%). These consistent gains across both semantic rephrasing
and instruction-level perturbations demonstrate that anchoring the VLM back-
bone preserves the pretrained linguistic representations that action-only finetun-
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Swap

Lang.
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Text.
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Cam.
View
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Layout

Light
Cond.

Sensor
Noise Overall

Know. Insulation∗ [10] 12.2 82.8 0.0 18.2 66.3 28.0 90.2 48.8 72.3 12.0 48.0
MolmoAct [18] 77.8 82.4 0.0 79.5 84.1 47.4 10.1 76.5 77.4 53.4 60.8
VLA-A [Frozen] [32] 56.0 73.4 0.0 41.5 70.9 35.1 94.4 62.3 84.9 36.2 59.9
OpenVLA-OFT [16] 74.4 95.2 0.0 81.5 95.7 40.3 94.7 88.6 95.5 28.2 74.1
VLA-Adapter [32] 74.2 89.6 6.0 85.1 90.7 52.6 92.6 93.2 93.2 89.5 85.1
Anchor VLA 95.4 96.2 12.6 90.5 96.9 56.0 95.2 95.8 100.0 95.7 89.7
Anchor-Align VLA 96.6 96.2 24.4 87.2 99.6 59.1 96.3 97.4 99.0 96.9 90.3
∆ Accuracy +22.4 +6.6 +18.4 +2.1 +8.9 +6.5 +3.7 +4.2 +5.8 +7.4 +5.2

Table 1: Robustness and generalization test. Anchor-Align VLA achieves state-
of-the-art performance on LIBERO-PRO and LIBERO-Plus benchmarks (see Sec. 4.1),
with significant improvements over baselines across both semantic and perceptual per-
turbations. Best result is bolded. The ∆ Accuracy row reports absolute improvement
over VLA-Adapter, discussed in Sec. 4.2. ∗Our implementation of the knowledge insu-
lation method on VLA-Adapter, adapted to test the efficacy of knowledge insulation
in the finetuning regime.

ing destroys, and that explicit language–action alignment further strengthens the
model’s ability to ground language instructions in correct motor behavior.
Anchor-and-Align preserves spatial understanding and improves vi-
sual grounding of the backbone VLM. LIBERO-PRO position swap (Swap)
is the most challenging perturbation axis: the spatial arrangement of task-relevant
objects is permuted at test time, so a policy that has memorized fixed scene-
to-action mappings during training would fail. Prior VLAs, i.e., Molmoact,
OpenVLA-OFT, Frozen VLA-adapter, score 0% under Pro-Swap. Anchor-Align
VLA achieves 24.4%, quadrupling VLA-Adapter’s performance. We attribute
this to two complementary mechanisms: (i) layer-wise anchoring preserves the
pretrained VLM’s spatial and relational representations, which encode object
identity and relative position, and (ii) the alignment objective forces the model
to ground its language predictions in the current observation, coupling the in-
struction semantics to the actual spatial layout rather than to a memorized
trajectory. Fig. 3 illustrates this concretely: when the plate and cookie box are
swapped relative to training, Action-Only Finetuning executes the memorized
motor plan and fails, whereas Anchor-Align VLA executes a visually grounded
trajectory that correctly localizes the target bowl in the rearranged scene and
completes the pick-and-place.
Anchor-and-Align achieves SOTA in-distribution performance. Beyond
out-of-distribution robustness, Anchor-Align VLA sets a new state of the art on
standard LIBERO, the in-distribution generalization benchmark where test ini-
tial states are drawn from the same distribution as training. As shown in Tab. 2,
Anchor-Align VLA achieves the highest success rate on most suites, 98.4% (Spa-
tial), 100.0% (Object), 97.2% (Goal), surpassing prior methods including π0.5-KI
and OpenVLA-OFT, which use substantially larger backbones and large-scale
robotic pre-training. This demonstrates that anchoring and alignment do not
trade in-distribution competence for robustness; rather, by preserving and lever-
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Method Spatial Object Goal Long

Diffusion Policy [7] 78.3 92.5 68.3 50.5
π0-FAST [2,25] 87.0 63.0 89.0 48.0
SmolVLA-0.24B [29] 87.0 93.0 88.0 63.0
SmolVLA-2.25B [29] 93.0 94.0 91.0 77.0
OpenVLA-OFT [16] 94.3 95.2 91.7 86.5
MolmoAct [18] 87.0 95.4 87.6 77.2
π0.5-KI [10] 96.6 97.2 94.6 85.8
VLA-0 [14] 93.6 96.0 95.6 87.6
VLA-Adapter[Frozen] [32] 89.4 89.6 88.0 84.5
VLA-Adapter [32] 96.0 99.8 96.0 89.0
Anchor VLA 97.0 98.4 96.4 91.4
Anchor-Align VLA 98.4 100.0 97.2 90.8

Table 2: Success rates across LIBERO
suites. Anchoring and Aligning achieve state-
of-the-art results on unperturbed (standard)
benchmarks. Best per column is bolded.
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Fig. 4: Real-world pick-and-
place. Top: pick (left) and place
(right) phases. Bottom: Success rate
on real-world trials.

aging the VLM’s pretrained representations, Anchor-and-Align improves both
simultaneously.

4.3 Real-World Results
To validate that Anchor-and-Align transfers beyond simulation, we conduct real
robot experiments on a pick-and-place task requiring object discrimination and
spatial reasoning under clutter. We use a UFactory XArm 7 equipped with a
wrist-mounted RGB camera, and another camera is placed in front of the robot.
The workspace contains five toy vegetables arranged in randomized configura-
tions across episodes. The robot must identify and grasp the broccoli, which
varies in position each episode, and place it on a fixed green tray. This task is
purposefully designed to probe the same capabilities stressed by LIBERO-PRO:
the policy cannot rely on memorized spatial locations to the current visual scene.
We collect 40 demonstration episodes via teleoperation. Each model is trained
for 15K steps, and the best-performing checkpoint is evaluated over 20 trials.

As shown in Fig. 4, Anchor-Align VLA achieves 30% success, outperforming
both the action-only finetuning (20%) and Anchor-only VLA (25%). While abso-
lute success rates are modest in comparison to Libero, this is consistent with the
difficulty observed on the LIBERO-PRO position-swap benchmark. The relative
ordering of methods, action-only < anchor-only < Anchor-Align VLA, mirrors
the simulation trends, supporting the conclusion that language-action alignment
finetuning provides a consistent benefit that transfers to physical robots. For
real-world rollout examples, refer to App. ??.

4.4 Diagnostic Evaluation of Misalignment in Co-trained VLAs
Diagnosing language–action misalignment. We extend ACL, here as a di-
agnostic benchmark that tests whether a VLA’s language representations are
internally consistent with its action outputs. Rather than evaluating language
and action accuracy in isolation, ACL measures their joint agreement at each
timestep, exposing cases where the two channels describe different next-step
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Task Completion ↑ Grasp ↑ Orientation ↑ Direction ↑

Model Align. Lang. Action Align. Lang. Action Align. Lang. Action Align. Lang. Action

ChatVLA 48.1 65.6 44.3 47.7 50.4 66.0 20.7 12.9 14.1 20.9 20.3 20.4
MolmoAct 24.6 44.6 65.2 37.8 51.8 17.1 7.4 15.0 28.1 15.5 22.6 48.3
Magma 39.0 56.6 65.8 10.8 49.4 49.5 12.6 13.6 13.9 17.2 27.3 28.0

Table 3: The language-action misalignment is pervasive across VLAs. De-
spite including co-training on internet datasets eg. GQA (in contrast to ACL) prior
VLAs fall short on functional understanding when questioned “is the task completed?”
(task completion), “in which direction should the end effector move?” (direction), etc.
Reported numbers denote accuracy %.

behaviors. We partition each trajectory into four semantic phases based on the
functional understanding required for robotic manipulations (details in App. ??):
task completion (near-terminal states), direction (early translational motion),
grasp (contact events), and orientation (mid-trajectory reorientation), and de-
fine three metrics: Language accuracy, the fraction of timesteps where the
language head predicts the correct action-derived label; Action accuracy, the
fraction where the discretized policy action matches the ground-truth label; and
Alignment accuracy, the fraction where the language and action predictions
agree with each other, regardless of correctness. Tab. 3 evaluates three VLAs
(Molmoact [18], ChatVLA [39], and Magma [35]) on ACL. Alignment is consis-
tently weaker than either unimodal accuracy in isolation: even when language
and action heads each achieve moderate scores on a given axis, their joint agree-
ment drops substantially, indicating that the two channels frequently describe
different next-step behaviors for the same observation. The misalignment is most
severe on fine-grained control axes such as Direction and Grasp, where all three
models exhibit low alignment despite non-trivial unimodal performance. These
results confirm that current VLAs do not internally synchronize their language
and action representations, motivating the language-action alignment training
objective introduced in Sec. 3. Details of benchmark curation in App. ?? and
additional analysis in App. ??.

4.5 Ablations and Analysis
Language Preservation across layers. To understand how finetuning re-
shapes the internal representations of the pretrained VLM backbone, we perform
a language preservation analysis. In Language Preservation (Fig 5a), we mea-
sure how much of the pretrained language model’s representational geometry
is retained after action finetuning using the Centered Kernel Alignment (CKA)
metric [3]. CKA quantifies the structural similarity between two sets of repre-
sentations. Given hidden state matrices X ∈ Rn×d from the frozen VLM and
Y ∈ Rn×d from the VLM Backbone at the same layer, linear CKA is computed
as: CKA(X,Y ) =

|X̃⊤Ỹ |2F
|X̃⊤X̃|F ·|Ỹ ⊤Ỹ |F

where X̃ and Ỹ are column-centered. A CKA
of 1.0 indicates identical representational structure; lower values indicate that
finetuning has reshaped the layer’s information. We report text token CKA be-
cause it directly reflects the degree to which the model’s language understanding



Language-Action Misalignment in VLAs 13

1 4 8 12 16 20 24
VLM Transformer Layer

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1.0

Te
xt

-T
ok

en
 C

KA
 (l

an
gu

ag
e 

pr
es

er
va

tio
n)

Catastrophic
forgetting

Action-Only Finetuning
Anchor VLA

(a) Language representation preservation
across layers. The Action-Only Finetuning
model destroys language representations in later
layers (CKA drops below 0.35). Anchor VLA
maintains near-perfect preservation via MSE dis-
tillation (CKA > 0.95).

0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
Language Preservation (CKA)

0.20

0.25

0.30

0.35

0.40

0.45

0.50

0.55

0.60

Ac
tio

n 
De

co
da

bi
lit

y 
(R

²)

Frozen Backbone

Action-only Finetuning

Anchor VLA

Align-Anchor VLA

Co-trained VLA

Language Preservation vs Action Information

Frozen Backbone
Action-only Finetuning
Anchor VLA
Align-Anchor VLA
Co-trained VLA

(b) Language preservation vs. action decod-
ability. Anchor-Align VLA retains the VLM’s
language geometry (high CKA) while produc-
ing the most action-decodable representations
(linear-probe R² higher is better).

Fig. 5: Representation analysis. Anchoring preserves pretrained language (left),
and Anchor-Align VLA achieves the best trade-off between language retention and
action decodability (right).

is preserved. As shown in Fig 5a, standard finetuning catastrophically destroys
text representations in the output layers (CKA drops to 0.34 at layer 24). An-
chor VLA recovers near-perfect language preservation (CKA > 0.95 across all
layers) through all-layer MSE distillation, confirming that the anchoring with
frozen VLM directly prevents representational collapse.
VLM knowledge retention: VQA test. Adding technical rigor to our Fig. 1a.
We use the GQA dataset [15], which tests compositional visual reasoning, in-
cluding spatial relations, object attributes, counting, and multi-hop comparisons.
In this test, we observe catastrophic forgetting without distillation during fine-
tuning. The Action-Only Finetuning loses 63% of its GQA accuracy within the
first 2,500 finetuning steps (36.4% → 13.5%) and 94% by 10,000 steps (36.4%
→ 2.3%). This monotonic decline confirms that unconstrained action finetuning
rapidly erases the pretrained VLM’s visual reasoning capabilities, even when
only LoRA parameters are updated. All-layer MSE distillation preserves VLM
knowledge. Anchor VLA retains 97% of the VLM’s GQA accuracy at 10,000
steps (35.3% vs. 36.4%), while simultaneously achieving 98.4% task success rate
on LIBERO Spatial, demonstrating that robot action performance and visual-
linguistic reasoning are not fundamentally at odds. This behavioral observation
is corroborated by the layer-wise CKA analysis in Fig. 5a: the Action-Only Fine-
tuning’s text-token representations diverge sharply from the pretrained VLM in
the later transformer layers (CKA drops to 0.34 at layer 24), directly explaining
the catastrophic VQA degradation, whereas Anchor VLA maintains CKA > 0.95
across all layers, consistent with its near-complete retention of GQA accuracy.
Action Information across layers (Fig. 5b). We quantify how much action-
relevant information is linearly accessible from the model’s hidden states at each
layer using linear probing. For every layer, we extract the hidden state and
mean-pool over vision and text token positions to obtain a single feature vector
per sample. We then fit a ridge regression model to predict the ground-truth
discretized action (7-dimensional, 256 bins per dimension) from these pooled
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features. A higher R2 (R is the coefficient of determination) indicates that more
action information is linearly decodable from that layer’s representations, even
without passing through the action head. This metric measures how effectively
the VLM backbone serves as a prior for action generation. Anchor-Align VLA
achieves the best of both objectives, Fig. 5b: it maintains strong language preser-
vation in the output layers (CKA = 0.91) while attaining the highest action
decodability of any method (peak R² = 0.60 at layer 22), demonstrating that
the alignment loss routes action-relevant information through the network’s later
layers without overwriting the pretrained language geometry. The two metrics
are complementary: language preservation captures what the model retains from
pretraining, while action decodability captures what the model gains from fine-
tuning. Together, they reveal whether a given training strategy achieves high
task performance by destroying pretrained representations (as in standard fine-
tuning) or by constructively enriching them (as in our approach).
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Fig. 6: Effect of removing an-
choring while keeping align-
ment. Removing the MSE distilla-
tion loss causes consistent degrada-
tion across all evaluation axes, con-
firming that anchoring and align-
ment play complementary roles.

Anchoring is critical for robustness. To
isolate the contribution of representation an-
choring, we train an alignment-only variant
that uses the same direction-word alignment
objective but removes the layer-wise MSE dis-
tillation loss (λMSE=0). As shown in Fig. 6,
removing anchoring causes consistent degra-
dation across all three evaluation axes: stan-
dard success drops by 3.2%, PRO language
rephrase falls by 6.2%, and PRO object swap
drops by 1.2%. Without anchoring, the back-
bone’s pretrained representations drift dur-
ing finetuning, and the alignment objective
alone cannot compensate. This confirms that
anchoring and alignment play complementary
roles; anchoring preserves the representational
erosion that alignment leverages.

5 Conclusion

In this work, we showed that finetuning pretrained VLMs into VLAs intro-
duces two failure modes: erosion of pretrained vision-language representations
and inconsistency between language and action predictions on the same observa-
tions. We addressed these with Anchor-and-Align, which uses Vision-Language
Anchoring to preserve the pretrained VLM representation space and Language-
Action Alignment using ACL-derived supervision from the same demonstrations
used for control learning. Across LIBERO, LIBERO-Pro, and LIBERO-Plus,
Anchor-and-Align improves both in-distribution task success and out-of-distribution
robustness. The same gains transfer to a real xArm7 setup. Overall, we show that
effective VLA finetuning should preserve pretrained multimodal representations
and should explicitly synchronize language with action, rather than optimizing
for control alone.
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