47 QVLA: NOT ALL CHANNELS ARE EQUAL IN VISION-LANGUAGE-ACTION MODEL’S QUANTIZATION
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System Setup

e We deployed the quantized model on a bimanual system featuring two IMETA-Y 1 robotic arms and three

 In closed-loop robotic settings, minor quantization noise amplifies autoregressively over long horizons,

: C . . _y o We approximate action deviation using a fast Taylor-series proxy based on the Jacobian norm, avoidin
leading to catastrophic failures like unstable grasps and trajectory deviations. pp 8 y proxy g
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e Our analysis reveals significant intra-layer channel heterogeneity: while vision encoders are robust due to Orbbec DaBai DCW2 cameras (two wrist-mounted, one global).
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for action translation. . o _ o o o arm towel folding, driven by the quantized OpenVLA model.
e The bit allocation 1s solved as a constrained optimization problem to minimize total sensitivity under a

e The system executes complex manipulation tasks, including single-arm object picking (pen, chips) and dual-

redundant data, the cross-modal projector and action head are acutely sensitive, serving as the critical nexus |AAl ~ ||J AX,,
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EXPERIMENTAL RESULTS: LIBERO BENCHMARK

Superior Performance & Efficiency

Deployment Results

 QVLA anchors the quantization objective in the action space. We minimize the KL divergence between the

original policy 11y and the quantized policy Il ): e In real-world trials, QVLA under W8A 16 settings achieves a success rate, exactly matching the performance

of the full-precision 7y baseline.

Q* =argmin E |[Dgp, (Hg(a:| Vs, p, He) || o) (At Ve, p, He)) | e Evaluated on the LIBERO benchmark, QVLA reduces VRAM usage to of the original model (compressing
Q to ~7.0 GB) while retaining of the baseline performance. e The optimized model delivers a inference speedup on a single consumer-grade NVIDIA RTX 4070 GPU,
: . . L validating QVLA as a practical solution for deploying generalist VLA models on resource-constrained
 To account for error accumulation in autoregressive tasks, we define a cumulative sensitivity metric S l(i) e In the challenging W4A16 setting, OpenVLA with QVLA maintains a success rate (+0.0% vs FP16), gQ P PIOYIE &

over the episode horizon T*: significantly outperforming the weight-only method AWQ, which drops to 70.8% (-4.7%). hardware.



