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Abstract

Recently, Vision-Language-Action (VLA) mod-
els have advanced Embodied Al by integrating
LLMs’ reasoning into robotic control. While
state-of-the-art VLAs combine Large Vision-
Language Models (LVLMs) with Diffusion Trans-
formers (DiTs), their substantial memory and
computational overhead limit deployment on edge
devices. Moreover, existing optimization tech-
niques often require training data, which is fre-
quently inaccessible due to privacy concerns. We
introduce—to the best of our knowledge—the
first Zero-Shot Quantization (ZSQ) framework for
VLA models. By exploiting Flow Matching char-
acteristics, we employ trajectory curvature and an
attention-guided masking strategy to generate syn-
thetic calibration data without any access to the
original datasets. Our method reduces the mem-
ory footprint of the quantized components in g 5
and NVIDIA GROOT N1.5 by 70% and 55%, re-
spectively, under the W4AS8 setting, while retain-
ing success rates comparable to data-dependent
quantization methods.

1. Introduction

Vision-Language-Action (VLA) models have emerged as
a cornerstone of Embodied Al, demonstrating enhanced
generalization in robot control by leveraging the reason-
ing capabilities of Large Language Models (LLMs). By
processing visual observations and language instructions to
generate corresponding actions, models such as the RT se-
ries (Brohan et al., 2022; Zitkovich et al., 2023), Octo (Mees
et al., 2024), and OpenVLA (Kim et al., 2025b) have shown
a capacity for solving complex, open-ended tasks. Recently,
a hybrid architecture integrating Large Vision-Language
Models (LVLMs) (Liu et al., 2023b) with Diffusion Trans-
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formers (DiTs) (Peebles & Xie, 2023) has emerged as a
leading paradigm, exemplified by the 7 series (Black et al.,
2024; 2025), GROOT N1.5 (Bjorck et al., 2025), X-VLA
(Zheng et al., 2026), and SmolVLA (Shukor et al., 2025).

Despite their high performance, VLAs face significant de-
ployment barriers on robotic edge platforms due to severe
constraints in computational power and memory. As VLAs
integrate multiple modalities and scale in size, they intro-
duce substantial operational overhead. Crucially, as noted in
recent studies such as EfficientVLA (Yang et al., 2026) and
QuantVLA (Zhang et al., 2026a), the bulk of this overhead
originates not from visual perception (e.g., vision encoders)
but from (i) the LVLM which conditions action generation
and (ii) the iterative denoising in DiT-based action experts.
This bottleneck remains a primary barrier to the deployment
of VLAS on real-world robotic systems.

To address these efficiency concerns, previous research has
focused on designing lightweight VLA architectures (Wen
et al., 2025; Shukor et al., 2025) or reducing redundant com-
putations (Zhang et al., 2026b; Yue et al., 2024; Xu et al.,
2026a). While these approaches effectively reduce latency,
they remain under-explored for the latest DiT-based archi-
tectures. Furthermore, many efficiency-oriented methods
require training from scratch or fine-tuning, necessitating
access to the original training data.

In the realm of LLMs, Post-Training Quantization
(PTQ)—such as SmoothQuant (Xiao et al., 2023) and
DuQuant (Lin et al., 2024)—has evolved to reduce mem-
ory usage without prohibitive training costs by suppress-
ing activation outliers. Although recent attempts (Zhang
et al., 2026a; Xu et al., 2026b) have applied quantization to
VLAs, they still rely on access to training datasets. However,
such data is frequently inaccessible due to corporate con-
fidentiality, proprietary restrictions, and privacy concerns,
making data-dependent quantization impractical for many
real-world applications.

While Zero-Shot Quantization (ZSQ) has been extensively
researched for CNNs (Cai et al., 2020; Zhong et al., 2022; Li
et al., 2023) and ViTs (Li et al., 2022; Choi et al., 2025) to
circumvent data dependency, its application to VLA models
remains largely unexplored. Moreover, traditional ZSQ
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techniques that rely on class labels or Batch Normalization
statistics are inapplicable to VLAs, necessitating a novel
approach for high-quality synthetic data generation.

In this paper, we propose—to the best of our knowl-
edge—the first Zero-Shot Quantization framework specifi-
cally designed for VLA models. Our approach leverages the
observation that DiT-based VLAs commonly adopt Flow
Matching (Liu et al., 2023c; Lipman et al., 2023), where the
training objective involves a linear trajectory from noise to
action. We utilize the curvature of the trained model’s output
trajectory—its deviation from ideal straight path—as a key
metric for generating synthetic data. Furthermore, inspired
by observations that VLA attention focuses on task-relevant
regions (Xu et al., 2026a), we introduce an attention-guided
loss function and a diverse masking strategy. This ensures
that synthetic images cover various spatial regions with high
attention scores, mimicking real-world task-relevant visual
distributions.

Experimental results demonstrate that our proposed ZSQ
methodology reduces the memory footprint of my 5 and
NVIDIA GROOT N1.5 by 70% and 55% on the quantized
components, respectively. Despite the absence of original
training data, our method matches the performance of data-
dependent quantization and approaches the full-precision
baseline, under the W4AS setting, enabling the practical
deployment of state-of-the-art VLA models on resource-
constrained robotic hardware.

2. Preliminaries
2.1. Problem Formulation and VLM Encoding

A Vision-Language-Action (VLA) model learns a policy
p(A¢]o:) that maps a multimodal observation o, at time ¢ to
an action chunk A, € R”*P where H denotes the action
horizon and D represents the action dimensionality. The
observation o, is a multi-modal input comprising multiple
images Itl"“’”, a language instruction ¢;, and the robot’s
proprioceptive state g;:

Ot:[ltl7"'7]tn7€t7qt] (1)

Modern VLA architectures utilize an LVLM to encode o;
via a single forward pass. The resulting Key-Value (KV)
cache is then consumed by an “Action Expert”—typically
implemented as a DiT (Peebles & Xie, 2023)—through
cross-attention mechanisms. This architecture ensures that
the action generation process is grounded in the multimodal
context provided by the LVLM.

2.2. Action Expert and Flow Matching

The Action Expert generates the action sequence A; within
the Flow Matching (Liu et al., 2023c; Lipman et al., 2023)
framework. Flow Matching establishes an Ordinary Dif-

ferential Equation (ODE) that connects a Gaussian noise
distribution to the data distribution via a straight-line trajec-
tory. For a time variable 7 € [0, 1], the linear interpolation
between noise € and the target action A; is defined as:

A7 =7A;+ (1 —17)e, wheree ~N(0,I) (2)
During training, the model is optimized to approximate the
velocity vector field that points toward the data distribution.
The target vector field u, obtained by differentiating A7
with respect to 7, is given by:

w(Ar(A) = Lar— 4 3)

= — = — €
1 t dr t t

In Flow Matching, u remains constant relative to 7, imply-
ing that the model learns a straight trajectory. This linearity
significantly enhances sampling efficiency compared to tra-
ditional diffusion models. A model vy with parameters 6
is trained by minimizing the Mean Squared Error (MSE)
against the target vector field:

L(8) = Erc o0 [IVo(7, A7 00) = (Ac = )IP] - 4
At inference, the model solves the ODE starting from a
noise state (7 = 0) toward the data state (7 = 1), condi-
tioned on o;. Specifically, an Euler solver is employed to
iteratively transform the initial noise sample into the final
action sequence A;.

3. Methodology: Synthetic Calibration Data
Generation

3.1. Overview

The goal of the proposed method is to generate synthetic
calibration data for post-training quantization (PTQ) of pre-
trained VLA policies without requiring access to original
robot demonstrations or simulators. We specifically exploit
the characteristic of Flow Matching (Liu et al., 2023c; Lip-
man et al., 2023) commonly adopted in DiT-based VLAs.
Since Flow Matching learns a straight-line path from noise
to action, an effective calibration input should induce a
linear velocity field in the Action Expert. To this end, we di-
rectly optimize synthetic observations 6 using two guidance
signals as illustrated in Figure 1:

* Trajectory Curvature Guidance: Minimizes the vari-
ance of the sampled velocity vectors to align with the
straight-path assumption of Flow Matching.

 Attention Coverage Guidance: Encourages the cross-
attention of the VLA to focus on diverse spatial regions,
mimicking the attention patterns observed during task-
relevant interactions.
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Figure 1. Overall pipeline of our proposed method.

3.2. Parameterization of Synthetic Observations

Following the Zero-Shot Quantization (ZSQ) setting (Cai
et al., 2020), we assume no access to original training data,
labels, or task-specific statistics. Instead, we synthesize
observations 0; by optimizing multimodal inputs initialized
from random noise. A synthetic sample 7 is defined as:

~ 21 2 A oA

07;:[[7;,...7I;L,Ci,qi] (5)
where I ;"5 Ci, and §; denote the synthetic images, continu-
ous text embedding, and robot state, respectively. To ensure
pixel values remain within a valid range, each image is

parameterized through a sigmoid mapping from an uncon-
strained latent variable I/ ~ N(0,1):

m=1,....n (6)

The text embedding ¢; replaces the discrete language in-
struction in the VLA’s embedding space, and the robot state
q; s treated as an unconstrained vector; both are optimized
directly without reparameterization. The optimization is
therefore performed over the set of continuous variables

®; = {I", ¢, G}
3.3. Trajectory Curvature Guidance

Flow Matching assumes a linear path A7 = 74; + (1 —7)e
between noise ¢ and action A;. An ideal velocity field
should be constant with respect to time 7. However, in a
zero-shot setting, the absence of ground-truth A; makes
the use of endpoint-based targets infeasible. We therefore
propose a self-consistent curvature objective that enforces
consistency among velocities probed at different time steps
for the same synthetic observation.

Velocity Variance Loss We measure the deviation from a
straight path by calculating the variance of probe velocities
along the model’s own sampling trajectory. Specifically,

starting from A" = ¢; at k = 0, we apply K Euler steps
with step size A7 = 1/K to obtain {A*}5 | at 7, =
k/K, and define the probe velocity at each step as v; j, =
vg(Tk, A7", 6;). The mean probe velocity @ is:

1 K
b= ;m 7

The curvature guidance loss ££3}V is then defined as:
1 X
i _ 2
£ = > o — il ®
k=1

This loss injects the inductive bias of a converged Flow
Matching model—whose sampling trajectory should be
nearly straight—into the synthetic data, where ﬁﬁ?w =0
implies a perfectly linear trajectory.

3.4. Attention Coverage Guidance

As observed in VLA-cache (Xu et al., 2026a), VLA mod-
els tend to allocate high attention weights to task-relevant
visual regions during action generation. High-quality zero-
shot calibration data should ideally induce similar activation
patterns. However, in the absence of real task images, we
designate diverse spatial regions within synthetic images as
masks and encourage the cross-attention to concentrate on
these regions.

Coverage Mask Generation For each synthetic sam-
ple i, we sample a pixel-space binary mask MP" €
{0, 1}HimexWine - To prevent the attention guidance from
developing an axis-aligned bias—which may occur if sim-
ple rectangles are used—we construct irregular polygons
in the style of paint-by-example (Yang et al., 2023). How-
ever, since our goal is attention concentration rather than
inpainting, perfectly distinct mask boundaries can be sub-
optimal. Therefore, we introduce random jitter at the edges



Zero-Shot Quantization for Vision-Language-Action Models

1. Bbox Sampling 2. Edge-wise Point

Sampling
y— - [ ) °
. °
° °
L [ ]
oo o
3. Per-point 4. Polygon

Random lJitter Rasterization

Figure 2. Concept of Attention Mask Generation

to provide structural perturbation. The generation process
consists of four stages as illustrated in Figure 2:

1. Bbox Sampling: We define an axis-aligned bound-
ing box B; = (zg,Y0,21,y1) by sampling the im-
age area fraction o ~ U(0.15,0.25) and aspect ratio
r ~U(0.5,2.0).

2. Edge-wise Point Sampling: Each of the four edges
of B, is divided into J equidistant points (we set
J = 20), resulting in a set of boundary points P; =

{(ws,v)}5s.

3. Per-point Random Jitter: Each point is perturbed
such that (u;,v;) < (u; + §; cosb;,v; + d;sinb;),
where 6; ~ U[0,2r) and &; ~ U(1,5) pixels. Points
falling outside the image boundaries are clipped.

4. Polygon Rasterization: The jittered points are con-
nected to form a closed polygon, which is converted
into a binary mask M?" via scanline fill rasterization.

Inter-sample Dispersion via Center Memory Bank. To
prevent repetitive sampling in the same image region, which
could bias the attention guidance, we maintain a memory
bank Beener = {; }j<: containing the centroids of previ-
ously generated masks. A candidate center p; is accepted
only if it satisfies:

Vp € Beenter ||pz - ﬁ”Q >p- min(Himg; VVimg) ©)]

where p = 0.15 is the minimum distance ratio. We perform
rejection sampling for up to Ti.ry = 20 attempts; if all fail,
the candidate furthest from any point in By, is selected as
a fallback.

Pixel-to-Token Projection. To align the mask with the vi-
sion encoder’s patch grid (P, P,,), we down-project M?™
into a token-space mask M using adaptive average pool-
ing followed by binarization with a threshold 7, = 0.5:

M = {j: AvgPool(p, p ) (ME™); > T} (10)

The final token mask M, is obtained by adding the text-
token offset Ti.x to the image token indices:

M; = {Tien + 5 : j € Mi™} (11)

The mask is fixed for each sample i throughout all opti-
mization steps R. We experimentally found that resampling
masks at each step causes the attention loss gradients to
counteract one another across different regions, preventing
stable convergence.

3.5. Attention Loss

The proposed attention loss targets the action-to-image atten-
tion. Specifically, in the cross-attention mechanism where
action tokens serve as queries (()) and image/text tokens
serve as keys/values (K'V'), we generate synthetic data by
inducing attention values to be concentrated on the masked
region M. This mimics the activation patterns observed
during real task execution.

Mass Term: Attention Concentration. The mass term
maximizes the total amount of attention each query directs
toward the specified mask region. We define the post-
softmax attention map for layer ¢ as:

A(Z) c RHmmXNQXNKV (12)

where H,, is the number of attention heads, Ng is the
number of query tokens, and Ny is the total number of
key/value tokens. For each head / and query g, the attention

ratio 7';;2 within the mask is calculated as:

4 4
Ty = D Ay (13)
JEM;
1 Huw No ©
LeD = rif 14)
‘mass Han NQ hgl ; h,q (

Spread Term: Entropy Maximization. The spread term
prevents the attention from collapsing into a single token
within the mask. By normalizing the attention distribution

within the mask to obtain Agle ; and maximizing its entropy

[ . . .
”HEL L, we encourage uniform activation across the entire
masked area:

© AL

A — 1[4 1. Tthag

Al =1 e M) 5 (15)
ZjIEMi h,q,3'
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Algorithm 1 Synthetic Calibration Sample Generation

input Frozen VLA policy mg, Sample count IV, Steps R,
Probes K
1: fori =1to N do
2: M, + sample irregular mask(Beener)
3 €; < sample action noise ~ N(0,T)
4 Initialize ®; = {1, ¢, G} ~ N(0,1)
5: forr=0to R—1do
6: 0; + build observation(®;)
7 Vi + VelocityProbe, (6;, €;; K)
8 Leurv, Lawn < compute losses(V;, 6;, M;)
9

: if r == 0 then
10: Weurv,is Wattn,i < »Ccurv +¢, ‘Cattn +e€
11: end if
12: Liotal £curv/wcurv7i + £attn/wattn,i
13: Update ®; via gradient descent
14:  end for
15:  Beenter < Beenter U {center(M;)}
16: end for

output Dy, = {®;}V,

¢
h,q Z Aﬂ”log< 22”—&-5) (16)
JEM;
Huywn NQ (f)
D (17)
spread Hain N Q }Zl ; log |
Total Attention Loss. The final attention loss is computed

as the arithmetic mean across all L action-to-image attention
layers, applying the guidance uniformly across depth:

L
P £,i
£e(m)n - Z Z ('Cr(xfa;s) + Bﬂgpread) (] 8)
/=1

where [ balances mass concentration against intra-mask
uniformity. We set 8 = 0.5, and find the result to be insensi-
tive to this choice. Beyond simply reflecting the observation
that robots focus on task-relevant areas, this attention loss
also acts as a regularizer in preventing the trajectory from
becoming excessively straight.

As argued in HAST (Li et al., 2023), the presence of hard
samples is crucial for effective ZSQ. As shown in Sec-
tion 4.2, we observed that optimizing solely for curvature
leads to the generation of “easy” samples with overly lin-
earized trajectories. The attention loss prevents this collapse
by ensuring the optimization does not over-focus on curva-
ture but rather learns to attend to diverse spatial cues in the
image input, thereby maintaining the necessary complexity
for robust quantization.

3.6. Optimization Objective

To balance the curvature and attention losses, we apply step-
0 normalization. At optimization step » = 0, we compute

fixed scaling constants weyry,; Eéurv oTE and Wyyn,; =

ngt)mo + ¢. The final objective is:
Et(;t)al _ - cu V‘ + - dttn. (19)
curv,i attn,s

Each synthetic sample is optimized independently. We fix
the mask and velocity probe noise per sample and update
only the parameters ®,. The detailed process is summarized
in Algorithm 1.

4. Experiments
4.1. Experimental Setup

Models and Framework. To evaluate the effectiveness
of our proposed methodology, we conduct experiments on
state-of-the-art VLA models that employ DiT-based action
heads: 7 5 (Black et al., 2025) and NVIDIA GROOT N1.5
(Bjorck et al., 2025), following the benchmarks established
in QuantVLA (Zhang et al., 2026a). All implementations
and experiments are integrated within the LeRobot frame-
work (Cadene et al., 2026). We use the pretrained check-
points provided on the Hugging Face Hub for both models.

Evaluation Benchmark. Performance is assessed using
the LIBERO simulation benchmark (Liu et al., 2023a),
which consists of four distinct task suites: Spatial, Ob-
ject, Goal, and Long. Spatial evaluates reasoning over
spatial relations among otherwise identical objects. Ob-
Jject evaluates pick-and-place with a diverse set of unique
objects, isolating object-level recognition. Goal fixes the
objects and scene layout but varies the task goal, isolating
the transfer of procedural knowledge. Long consists of long-
horizon manipulation tasks that entangle spatial, object, and
goal knowledge. Each task suite comprises 10 individual
subtasks. Following the evaluation protocol of OpenVLA-
OFT (Kim et al., 2025a), we measure the success rate by
conducting 50 evaluation episodes per subtask, resulting in
a total of 500 trials per task suite.

Implementation Details We target all linear layers within
the LVLM and DiT for quantization. This encompasses the
projection layers required for computing Query, Key, Value,
and Output in attention mechanisms, as well as the linear
layers present in MLPs. However, as noted in prior research
(Zhang et al., 2026a), the quantization of attention layers in
DiT yields marginal memory savings (approximately 0.1—
0.2 GB) while incurring substantial performance degrada-
tion due to distribution shifts. Consequently, we exclude the
projection layers within the DiT attention mechanisms from
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Table 1. W4AS8 quantization results on the LIBERO benchmark for 7.5 and GROOT N1.5. Data Access “O” indicates methods that use
original demonstration data for calibration; “X” indicates zero-shot quantization. Memory and Relative Saving are measured on the

quantized components only.

Model Precision Method Data Access LIBERO Avg. Memory (GB) S;t,?fgtl(v ;0 )
Spatial Object Goal Long
FP16 Baseline - 95.40 99.20  95.20 9420 96.00 4.27 -
W4A8 SmoothQuant (0] 79.80 93.80 15.60 74.60 65.95 1.07 75.00
W4A8 DuQuant (0] 9240 100.00 88.00 94.60 93.75 1.17 72.58
0.5 W4A8 QuantVLA (0] 91.80 99.60 88.40 95.60 93.85 1.28 70.09
W4A8 Ours (Curvature only) X 93.40 99.80 91.00 97.60 9545 1.28 70.09
W4A8 Ours (Curvature + Attn) X 93.60 99.40 9240 96.60 95.50 1.28 70.09
FP16 Baseline - 96.80 99.00 96.40 83.60 93.95 2.00 -
W4A8 SmoothQuant (0] 9.20 2420 640 1.60 10.35 1.16 42.10
GROOT W4A8 DuQuant (0] 94.60 98.20 9340 71.60 89.45 0.73 63.58
NL5  w4A8 QuantVLA (0] 95.80 97.80  92.80 75.60 90.50 0.91 54.63
W4A8 Ours (Curvature only) X 91.00 9480 8140 67.20 83.60 091 54.63
W4A8 Ours (Curvature + Attn) X 91.00 96.20 90.00 68.60 86.45 0.91 54.63

our quantization targets. Comprehensive details regarding
the quantization process and implementation specifics are
provided in Appendix A and B, respectively.

4.2. Main Results on LIBERO Benchmark

Comparison Baselines To evaluate the quantization per-
formance of our proposed method on 7y 5 and NVIDIA
GROOT N1.5, we compare it against SmoothQuant (Xiao
et al., 2023) and DuQuant (Lin et al., 2024), both of which
have demonstrated superior performance in LLM quanti-
zation. Furthermore, we include QuantVLA (Zhang et al.,
2026a), a recent state-of-the-art methodology specifically
designed for DiT-based VLA models, as a primary baseline.
We exclude QVLA (Xu et al., 2026b), as it is tailored to
OpenVLA (Kim et al., 2025b) and does not transfer to mod-
ern DiT-based VLA architectures. We note that QuantVLA
computes Attention Temperature Matching (ATM) and Out-
put Head Balancing (OHB) statistics on test data. To
avoid test-set leakage, we recompute these statistics on the
LIBERO training set in our reproduction.

Comparison with Data-Dependent Baselines. The ex-
perimental results for W4AS8 quantization on the LIBERO
benchmark are summarized in Table 1. As noted in prior
studies, directly applying LLM-centric quantization meth-
ods like SmoothQuant to VLA models leads to a catas-
trophic performance drop, resulting in average success rates
of only 65.95% for 7o 5 and a critical failure of 10.35%
for GROOT N1.5. While DuQuant and QuantVLA demon-
strate significantly improved robustness, they strictly rely
on access to real training data.

In contrast, our proposed zero-shot methodology achieves
impressive performance without requiring access to origi-
nal demonstration data. For 7 5, our method achieves an
average success rate of 95.50%, recovering nearly all of
the FP16 performance (96.00%) and even outperforming

data-dependent baselines such as DuQuant (93.75%) and
QuantVLA (93.85%), while reducing memory consump-
tion by approximately 70%. For NVIDIA GROOT N1.5,
our approach reaches an average success rate of 86.45%.
While a gap remains relative to the data-dependent baseline
(QuantVLA at 90.50%), our method substantially narrows it
without using any original demonstration data, while achiev-
ing a memory reduction of approximately 55%.

Ablation on Attention Coverage Guidance. The results
highlight the role of the attention-guided loss in prevent-
ing trajectory collapse during synthesis. Curvature guid-
ance alone can over-optimize the velocity field toward
overly linear trajectories, biasing the calibration set toward
“easy” samples and degrading performance on harder, longer-
horizon tasks. Adding the Attention Coverage Guidance
(Section 3.4) regularizes this optimization. The effect is
most pronounced on GROOT N1.5: in Goal, the success rate
improves from 81.40% to 90.00% (+8.60), and the average
improves from 83.60% to 86.45%.

5. Conclusion

We introduce a Zero-Shot Quantization (ZSQ) framework
for DiT-based Vision-Language-Action (VLA) models. We
propose using the curvature of VLA sampling trajectories
as an effective metric for optimizing synthetic calibration
data, providing an alternative when original demonstration
data is unavailable due to privacy, licensing, or proprietary
restrictions. We further introduce an Attention Coverage
Guidance that exploits the tendency of VLAS to attend to
task-relevant image tokens during action generation. Our
method achieves memory savings of up to 70% and 55%
for mg.5 and NVIDIA GROOT N1.5, respectively, recover-
ing near full-precision success rates and approaching the
accuracy of data-dependent quantization without using any
original demonstration data.
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Zero-Shot Quantization for Vision-Language-Action Models

A. Quantization Detail

For simplicity and hardware-friendly implementation, we adopt symmetric uniform quantization defined by the following

equations:
X =clip Qﬂ ,—2b=1 b=l 1> (20)
max (| X])
S=5a-71 @n

where X denotes the full-precision weight/activation and X denotes the quantized weight/activation in b-bit precision.
| -] denotes the rounding operator, and the clip function ensures the values remain within the representable range of b-bit
integers.

Following prior work (Zhang et al., 2026a), we employ Post-Training Quantization (PTQ) to enhance deployment efficiency
without heavy training cost. Specifically, we adopt DuQuant (Lin et al., 2024), a state-of-the-art quantization framework for
Transformer models, to suppress massive activation outliers. DuQuant performs invertible reparameterization for each linear
layer using block-orthogonal rotation matrices R(l), R(z) and a zigzag permutation matrix P to redistribute outliers. For the
implementation, we build upon the open-source codebase of QuantVLA' (Zhang et al., 2026a).

Once the synthetic data is generated as described in Section 3, quantization proceeds following the DuQuant pipeline. For a
fair comparison with QuantVLA, we adopt the W4 A8 configuration (4-bit weights, 8-bit activations) and use 32 synthetic
calibration samples.

B. Implementation Detail

Model Implementation Details. We evaluate two state-of-the-art DiT-based VLA models. For 7 5, the LVLM is initial-
ized from PaliGemma (Beyer et al., 2024), a Gemma-family vision-language model, and the action expert is implemented
as a Gemma-based DiT (Team et al., 2024). For NVIDIA GROOT N1.5, the LVLM uses Eagle (Li et al., 2025), paired
with a native DiT-based action transformer. For both models, we use LIBERO-finetuned checkpoints publicly available
on the Hugging Face Hub: lerobot /pi05-1ibero? for my 5 and arOs/groot_libero’ for GROOT N1.5. All
implementations are integrated into the LeRobot framework (Cadene et al., 2026) (version 0.5.0) to ensure reproducibility
and consistent inference protocols across both models.

Optimization Setup. The optimization process for synthetic data generation is conducted using the Adam opti-
mizer (Kingma & Ba, 2015) paired with a cosine annealing learning rate scheduler (Loshchilov & Hutter, 2017). The initial
learning rates are set to 1 x 10~2 for 7.5 and 5 x 10~2 for GROOT N1.5. Optimization is performed for 20 and 50 steps,
respectively, due to their differing convergence speeds. The entire generation process for 32 samples takes less than one
hour on a single NVIDIA A10 GPU, demonstrating the efficiency of our zero-shot approach.

Curvature Probe Configuration. We use K = 10 Euler steps when computing the curvature guidance loss Ly for both
models. Although this differs from the native inference setting of GROOT N1.5, which uses K = 4, we empirically found
that the choice of K has negligible impact on both the curvature loss and the resulting quantization performance. This is
consistent with the linearity assumption of Flow Matching: since a well-trained model produces near-straight trajectories,
the velocity-variance-based curvature guidance loss Ly is robust to the number of probe points.

'nttps://github.com/AIoT-MLSys-Lab/QuantVLA
Mttps://huggingface.co/lerobot/pi05-1ibero
3https ://huggingface.co/ar0s/groot_libero
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