CLAP: Direct VLM-to-VLA Adaptation via Language-Action Grounding
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Overview
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Instruction “pick up the carrot and place it on the plate”

Language-action move forward 3 cm, move left 2 cm, .., close gripper
4 2 98 3000 135 1235 25 00 0 ..

Action tokens

Causal Language-Action Prediction: prepend a v No arch. change

short language-action description. Causal attention
conditions every action token on it.
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Challenges in VLM-to-VLA Adaptation

Can we make VLA research as accessible as VLM research?

Ecosystem fragmentation
Advances in LLMs and VLMs cannot be directly applied to VLAs.
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shared techniques

Distribution mismatch

Fine-tuning on bare numbers breaks the VLM's image-language bond.
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Pretrained VLM

grounded

Standard VLA
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“the carrot is next to the plate”

T Work done during an internship at OMRON SINIC X. 1 Equal contribution.

Causal Language-Action Prediction

Zero-modification architecture

CLAP keeps the pretrained VLM exactly as it is: no action expert, no new
vocabulary, no architectural change. Actions are written as integer text
tokens and predicted by the VLM's own language-model head, as in VLA-0 [1].
Training: language-action template

A fixed template turns the ground-truth action chunk @ into a description 4 =
T(a); the VLM learns to output d, then a.

causal prediction
{language} d I—% {action}

move forward 1.8cm, 851 839 803
move down 1.7cm, 878 869 843
move right 0.1 cm, 453 500 632

tilt left 1 degree, 436 449 491
438 437 413
rotate clockwise 3 degrees, 352 352 367
close gripper 0 0 0
A 0000000000000

automatically generated

Inference: autoregressive generation

The prefix is stripped; action tokens decode into an 8-step chunk.
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Example model output (LIBERO)

Instruction: “grasp cube and drop it onto the plate”

<think> move back 0.5 cm, move up 3.5 cm, move left 0.4 cm, tilt left 1
degrees, tilt back 1 degrees, rotate counterclockwlise 3 degrees, open
gripper </think>

408 980 166 319 505 491 1000 407 980 159 312 496 486 1000 406 980 ..

Efficient learning on LIBERO

VLA-O (repro.) @ CLAP (ours)

Avg. success (%) by model size - 17k steps Avg. success (%) vs. training steps - 2B
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Effect of the language prefix

An action-grounded language prefix performs best
Ablation - 2B - LIBERO avg. success (%)

axis from 70%

Action-token variants - no prefix

VLA-0 [1] none 75.9
Decimal strings [2] o A L o L T 81.1
Prefix variants
Random words cavern cobblestone cardigan .. 79.0
Delta notation dx: +6.18, dy: -2.09, . 88.7
Language prefix (CLAP) move forward 1.8cm, move down .. —) 90.8

Jy The prefix anchors the model to the base VLM

% of tokens by JS divergence VLA-O @ CLAP

Per-token JS divergence from
frozen Qwen3.5-2B on generic VQA 50%
prompts (256 images).

VLA-0 mean 0.651

CLAP mean 0.515 .

Tokens whose prediction still 25%
overlaps the base VLM

CLAP 67.1% vs VLA-031.3%

the rest are nearly disjoint (JS = max)
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More robust on LIBERO-PRO
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Avg. success (%) by model size 2B, by perturbation type (%)
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CLAP wins at every scale (up to +11.1 pt) and on every perturbation type;
object relocation stays unsolved for both.

Real robot (UR5e)

OOD scenario

“pick up carrot and place it on the plate”

“grasp cube and drop it onto the plate”

120 teleop demos - trained from the vanilla VLM - OOD adds unseen distractors

Pick-and-place success (%), 20 trials @D OO0D

e 2B CLAP keeps 60% even

60 60 , ,
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35
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Inference speed (RTX 4090, h=8) default [s] compiled [s] compiled [HZ]
VLA-0 2B [1] 3.88 1.44 5.55
CLAP 0.8B 4,23 1.32 6.06
CLAP 2B 4.31 1.95 4.11
CLAP 4B 6.01 3.87 2.07

Discussion & Future Work

Does the action follow the words? Prefix-action consistency is not enforced;
probing whether action tokens truly attend to the plan is an open question.

Next steps. Expand to more VLM families and analyze how VLA conversion

changes VLM capabilities; bring in the whole LLM/VLM ecosystem: distillation,
KV caching, speculative decoding, and more.
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