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ABSTRACT

Vision-Language-Action (VLA) models promise to bring end-to-end reasoning
to autonomous driving, but their computational cost is orders of magnitude too
high for real-time control. The core challenge is that VLA inference is not a single
bottleneck but a pipeline of four stages (visual encoding, language model prefilling,
reasoning-token decoding, and flow-matching action prediction), each dominated
by a different source of inefficiency: spatial redundancy in overlapping video
frames, autoregressive serialization of reasoning chains, and over-computation in it-
erative denoising. Addressing any one stage in isolation leaves the others untouched.
We propose FlashDrive, an algorithm-system co-design framework that targets all
four stages simultaneously. A key insight is that each bottleneck admits a distinct,
lightweight algorithmic shortcut: temporal overlap enables streaming KV-cache
reuse across frames; the low entropy of domain-specific reasoning tokens makes
them amenable to diffusion-based speculative decoding; and the non-uniform struc-
ture of the denoising velocity field, sharp at the endpoints but nearly constant
in the middle, permits adaptive step caching that concentrates compute where it
matters. Layered on top of system-level CUDA Graph compilation and kernel
fusion, these techniques compound multiplicatively. Applied to Alpamayo 1.5 10B
with W4 A8 quantization, FlashDrive reduces end-to-end latency from 716 ms to
159 ms (4.5x) with negligible accuracy loss (<0.08 m on minADEg @6.4s and
ADE@6.4s even improves), bringing VLA-driven autonomous driving to real-time
viability on consumer-level GPUs.
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Figure 1: Reasoning VLA models for autonomous driving such as Alpamayo 1.5 exhibit a prohibitive
end-to-end inference latency of 716ms on RTX PRO 6000, far exceeding real-time requirements.
FlashDrive achieves a 4.5x latency reduction (down to 159 ms) while incurring negligible degradation
on minADE@6.4s and even improving ADE@6.4s.

1 INTRODUCTION

Autonomous driving is undergoing a paradigm shift. Modular pipelines, where perception, prediction,
and planning are developed independently, are giving way to end-to-end Vision-Language-Action
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(VLA) models that reason directly over raw sensor streams (Wang et al., 2025b; Zhou et al., 2025;
Tian et al., 2024). By unifying visual understanding, chain-of-thought reasoning, and trajectory
prediction within a single model, VLAs can handle complex, long-tail scenarios where hand-crafted
interfaces between modules would fail. This unified reasoning is precisely what makes VLAs
attractive for real-world autonomy.

Yet it is also what makes them prohibitively slow. The recent open-source Alpamayo 1.5-10B
model (Wang et al., 2025b), for instance, requires 716 ms per frame on an NVIDIA RTX PRO 6000
GPU (Fig. 1), yielding a control frequency of just 1.4 Hz, far too slow for safe driving. Importantly,
this bottleneck is not specific to one model; it is structural. Every VLA must encode high-resolution
multi-view video, attend over long token sequences, autoregressively generate reasoning chains, and
iteratively denoise trajectories. Each of these stages is expensive for a fundamentally different reason,
and optimizing one in isolation leaves the others untouched.

To map out these bottlenecks, we decompose the VLA pipeline into four stages and profile each:

* Encode: the vision tower processes multi-view, multi-frame images. In a sliding-window setup,
~75% of these frames have already been seen, yet the model re-encodes them from scratch.

* Prefill: the VLM ingests thousands of image and text tokens to populate the KV cache, repeating
work that could be carried over from the previous timestep.

* Decode: the model autoregressively generates reasoning tokens one at a time, despite the fact that
driving-domain reasoning chains are short and predictable.

* Action: a multi-step flow-matching module runs many denoising iterations, even though the
velocity field is nearly constant through the middle of the trajectory and only changes meaningfully
at the endpoints.

The key observation is that each stage harbors a distinct form of redundancy, and each admits a
correspondingly distinct algorithmic shortcut. This motivates FlashDrive, an algorithm-system co-
design framework. On the system side, we compile each pipeline stage into a CUDA Graph and fuse
attention and MLP kernels, yielding a 1.56 x baseline speedup by eliminating launch overhead. On
the algorithm side, we exploit the stage-specific redundancies:

» Streaming inference exploits the temporal overlap in driving video: we encode only the new
frame and reuse the KV cache from preceding frames, cutting the encode and prefill cost by
~3x. A lightweight streaming fine-tuning procedure adapts the action expert to the resulting
distributional shift.

* Speculative reasoning exploits the low entropy of domain-specific reasoning tokens: we use
DFlash (Chen et al., 2026), a diffusion-based parallel drafter, to generate entire candidate blocks
at once. A two-layer draft model achieves an average accept length of ~5.6 tokens, delivering a
4x decoding speedup.

* Adaptive-step flow matching exploits the non-uniform structure of the denoising velocity field:
velocities change sharply at the endpoints, where the trajectory departs from noise and snaps
onto the data manifold, but are nearly constant through the middle. We cache the intermediate
velocities and concentrate compute on the steps that matter, halving the number of function
evaluations with negligible accuracy loss.

We instantiate FlashDrive on Alpamayo 1.5-10B and, together with W4AS8 weight quantization,
achieve a 4.5 end-to-end speedup (716 ms — 159 ms, Fig. 1). Crucially, the acceleration is nearly
lossless: minADEg @6.4s degrades by only 0.07 m, while ADE@6.4s actually improves by 0.15 m,
likely because streaming fine-tuning acts as a regularizer that reduces prediction variance. While
demonstrated on Alpamayo 1.5, the techniques in FlashDrive are general and applicable to any
reasoning VLA for autonomous driving with the same encode—prefill-decode—action structure.

2 RELATED WORK

VLA Models for Autonomous Driving. End-to-end autonomous driving has evolved rapidly from
perception-only models to Vision-Language-Action (VLA) systems that close the loop from sensors
to control. Early work unifies perception and planning through textual waypoints or meta-actions (Cui



et al.,, 2025; Sima et al., 2024; Hwang et al., 2025), while more recent models attach specialized action
heads that output continuous trajectories (Shao et al., 2024; Xu et al., 2024; Fu et al., 2025; Zhou
etal., 2025). A recurring tension in this line of work is between the richness of deliberative reasoning
and the strict latency constraints of real-time control; some systems resolve this by decoupling a
slow VLM reasoner from a fast downstream planner (Tian et al., 2024; Pan et al., 2024). Alpamayo
1 (Wang et al., 2025b) avoids this decoupling by bridging chain-of-causation reasoning with flow-
matching action prediction in a single model, achieving strong accuracy but at a high computational
cost. Our work takes this cost as the starting point.

Efficient VLA Inference. A growing body of work aims to make VLA models deployable on edge
hardware. Architectural approaches reduce the cost of individual components: linear-time attention
and KV caching (Leal et al., 2024; Xu et al., 2025b) tame the quadratic prefill, state-space models
replace transformers entirely (Liu et al., 2024), and parallel or diffusion-based decoders bypass
autoregressive generation (Kim et al., 2025; Song et al., 2025; Black et al., 2025). Orthogonally,
compression techniques shrink the model footprint, including lightweight backbones (Wen et al., 2025;
Budzianowski et al., 2025), mixture-of-experts routing (Song et al., 2024), hierarchical reasoning-
execution decoupling (Zhang et al., 2024), layer pruning (Zhang et al., 2026; Yue et al., 2024),
extreme quantization (Kim et al., 2024; Wang et al., 2025a), and token-level optimizations such
as faster tokenization (Pertsch et al., 2025), token pruning (Tan et al., 2025), and visual feature
caching (Xu et al., 2025a). However, most of these methods target a single stage or a single axis of
efficiency. FlashDrive is complementary: rather than redesigning the VLA architecture, it accelerates
the full inference pipeline of an existing model through co-design across all four stages, yielding
compounding gains that no single-stage optimization can achieve alone.

3 METHODOLOGY

Our central thesis is that VLA inference latency is not a single bottleneck but a cascade of four distinct
ones (encode, prefill, decode, and action), each requiring a different solution. We first introduce
stage-specific algorithmic techniques (§3.1-§3.4) that exploit the unique redundancy structure of
each stage, then describe system-level optimizations (§3.5) that reduce execution overhead across the
board. While we use Alpamayo 1 (Wang et al., 2025b) as the concrete instantiation, the techniques
transfer to any VLA model with the same pipeline structure.

3.1 ENCODE & PREFILL: STREAMING INFERENCE

Observation. In continuous driving, the VLA model processes a sliding window of temporal frames
(typically 4 frames x 4 views). Because the window advances by one frame at each timestep, three
out of four frames have already been encoded at the previous step. Re-encoding them from scratch
wastes ~75% of the visual computation and, since the prefill stage operates on these same tokens, a
comparable fraction of the prefill as well. This redundancy is unique to the driving domain: unlike
chat-based VLMs where each query is independent, autonomous driving VLAs process a continuous,
highly overlapping sensory stream.

Streaming design. We propose streaming inference: encode only the newest frame and persist the
KV cache from preceding frames. Two challenges arise. First, when the VLA model arranges image
tokens in view-major order (as in Alpamayo 1.5), simply appending new tokens would break the
expected layout. Instead, we insert the new frame’s tokens at the last-frame position of each view
and apply a streaming attention mask (Fig. 3a) that preserves cross-view causality. Second, because
visual token positions shift with each new frame, the standard post-RoPE key cache becomes stale:
RoPE encodes absolute position, so a token that was at position p in the previous window now needs
to be treated as if it were at position p — A. We resolve this by storing keys in a pre-RoPE state and
computing rotary embeddings on the fly at the correct shifted positions. This reduces the effective
sequence length by 75%, delivering a ~3x encode-and-prefill speedup.

Streaming fine-tuning. The streaming KV cache is an approximation: the cached keys and values
were computed under a different attention context than the current frame would produce in a full
forward pass. In practice, this distributional shift degrades action accuracy by ~0.3 m ADE and
~0.2 m minADE (Fig. 3b). Interestingly, the shift primarily affects the action expert rather than the



[:] Evicted

Vision-Language-Action Backbone (O old frames

KV cache . New frames

(pre-RoPE)

xO00e O00coée 0oooe ooooo

Camera 1 Camera 2 Camera 3 Camera 4

Figure 2: Streaming inference design. We respect the view-major token ordering by inserting
incoming frames at the end of each camera view. To accommodate the dynamic position shift, we
store pre-RoPE keys in the cache and apply RoPE on the fly.
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language head. We attribute this to a difference in how the two components use context: reasoning
tokens are generated autoregressively and attend mainly to recent tokens, making them robust to stale
cache entries from older frames. The action expert, by contrast, integrates information across the
entire KV cache through cross-attention to produce continuous trajectories, amplifying even small
distributional mismatches.

This asymmetry suggests a targeted fix: freeze the VLM backbone and fine-tune only the action
expert. We adopt a rollout-based teacher-forcing scheme designed to expose the action expert to the
compounding approximation errors it will encounter at deployment. For a randomly sampled sliding
window of length L, the model first rolls out L—1 steps under the streaming mask to populate the KV
cache (no gradients), then enables gradients at the final step to compute the action loss. By training
on windows of varying length, the action expert learns to produce accurate trajectories even when the
KV cache has accumulated multiple rounds of streaming approximation. This lightweight procedure
fully recovers accuracy (1.73 m ADE and 0.79 m minADEg in Fig 3b).

3.2 DECODE: SPECULATIVE REASONING

Observation. Recent VLA models for AD usually incorporate reasoning to generate explicit
reasoning tokens to guide trajectory prediction (Zhou et al., 2025; Wang et al., 2025b). In Alpamayo
1.5, these chain-of-thought (CoT) tokens describe the ego vehicle state, nearby obstacles, and intended
maneuvers in a structured, template-like format. While this deliberative reasoning improves driving
accuracy, it comes at a steep cost: in our profiling, autoregressive CoC decoding accounts for
263.8 ms, or 36.8% of the total latency, at just 62.1 tokens-per-second throughput. The question is
whether this cost is intrinsic to reasoning or an artifact of token-by-token generation.
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Figure 5: The ten-step flow-matching process exhibits high inter-step redundancy. We randomly
sample 10 clips and 20 window inputs from each clip to plot the relative difference (a) and cosine
similarity (b) between consecutive flow-matching steps.
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Diffusion-based drafting. Motivated by this, we adopt DFlash (Chen et al., 2026), which uses a
diffusion language model as a non-autoregressive parallel drafter. Unlike conventional sequential
drafters, the diffusion model produces an entire block of candidates in a single forward pass, naturally
capturing the intra-block correlations present in structured reasoning. We train a lightweight two-layer
draft model (block size =8) on ~60k clips from the NVIDIA Autonomous Vehicle Dataset (NVIDIA,
2025) and fuse the hidden state of only the last eight target-model tokens into the draft layer’s KV
cache. The single-token fusion is sufficient because the last token already encodes the full driving
context needed to predict the next reasoning block. This configuration achieves an average accept
length of 5.6 tokens, reducing decoding latency to 61.2 ms, a 4.3 x speedup.

3.3 ACTION: ADAPTIVE-STEP FLOW MATCHING

VLA models must bridge the gap between language-level reasoning and continuous vehicle control.
This is typically accomplished by a flow-matching head that converts the VLM’s hidden representa-
tions into trajectory waypoints through iterative denoising. The standard configuration in Alpamayo 1
uses 10 steps, but this comes at a steep cost: each step requires a full forward pass through the action
network, making the action stage one of the dominant latency contributors.



Why uniform step reduction fails. The naive remedy is to simply reduce the number of uniformly
spaced steps. While this does speed up inference, it treats all regions of the denoising trajectory as
equally important, an assumption that turns out to be wrong. To see why, we profile the velocity field
v, across the 10-step trajectory. Fig. 5 reveals a striking U-shaped pattern in both the normalized
relative differences between consecutive velocities (Fig. 5a) and their cosine similarities (Fig. 5b).
The velocity changes sharply at the first and last steps, where the trajectory departs from the noise
prior and converges onto the data manifold, but is nearly constant through the middle, where the ODE
flow traverses a smooth, low-curvature region of the learned vector field.

Insight. This non-uniformity has a clear physical interpretation: the early steps establish the coarse
trajectory structure (lane choice, turn direction), the final steps snap the prediction onto the manifold
of physically plausible trajectories (satisfying kinematic constraints and road geometry), and the
intermediate steps perform only minor refinements to an already well-determined path. The endpoints
carry the signal; the middle carries the inertia.

Adaptive caching. We exploit this structure by caching the velocity at the middle steps and reusing
it in lieu of recomputation. Concretely, after evaluating the first few and last few steps with fresh
network calls, we replace the intermediate evaluations with the cached velocity from the preceding
step. This effectively halves the number of function evaluations while concentrating compute on the
steps that shape the trajectory the most. As shown in Table 1, this adaptive strategy achieves near-
lossless accuracy: minADE¢ degrades by only ~0.05 m, while ADE actually improves, suggesting
that skipping redundant mid-trajectory refinements may even reduce accumulated numerical error
from the ODE solver.

3.4 QUANTIZATION

Large VLA models often exceed the memory capacity of consumer-level GPUs; for example,
Alpamayo 1-10B requires ~31.6 GB in FP16 to generate 6 trajectory samples, more than many
consumer-level devices can accommodate. Quantization compresses model weights and activations
to lower precision, trading numerical headroom for speed. But it presents a choice. Standard
methods like AWQ quantize only the weights to 4-bit (W4A16): this helps memory-bound decoding
by shrinking the data the GPU must load per token, but leaves the compute-bound prefill stage
untouched. For a chatbot LLM where decoding dominates, that trade-off is acceptable. For a VLA
model with thousands of vision tokens in every prompt, prefill is too expensive to ignore.

W4A8 quantization targets both regimes: 4-bit weights cut memory bandwidth for decoding, while
8-bit activations unlock faster INT8 matrix multiplies for the compute-heavy prefill. We apply
ParoQuant (Liang et al., 2026) to quantize model weights to 4-bit, then implement inference with
8-bit activation via Marlin kernels (Frantar et al., 2024). This effectively cuts the memory footprint
down to ~18.3 GB while further speedup the overall inference by 14%.

3.5 SYSTEM OPTIMIZATIONS

The algorithmic techniques above reduce the amount of computation; system-level optimizations
reduce the cost of executing what remains. Unlike standard LLM serving, where the workload is
dominated by a single homogeneous decode loop, VLA inference chains together four heterogeneous
stages (vision encoder, language prefill, autoregressive decode, flow-matching action), each with
its own kernel mix. This heterogeneity amplifies the CPU-side dispatch cost: the pipeline involves
hundreds of small kernel launches per forward pass, and at the low arithmetic intensities typical of
single-batch decoding, launch overhead becomes a significant fraction of wall-clock time.

CUDA Graph. We compile each pipeline stage into a CUDA Graph, which records the full kernel
sequence and replays it in a single GPU-side launch. This is particularly impactful for the decode
stage, where the GPU would otherwise idle between every token while waiting for the CPU to
schedule the next kernel.

Kernel Fusion. Many VLM backbones dispatch the Q, K, and V projections as three separate
kernels, and likewise for the gate and up projections in the MLP, totaling six launches where two



Latency (with 1 Trajectory) (ms) Trajectory Error (m)

Encode Prefill Decode Action Total ADE| minADEg |

Alpamayo 1.5 88.0 1772 263.8¢62.1 1874 7164 1.721 0.767
+ System Optimizations 432 1924 167.1916 112.6 5153 1.719 0.777
+ Streaming Inference 12.5 62.1 1713893 115.6 361.5 1.733 0.792
+ Speculative Reasoning 44.0 197.5 6122418 1144 417.1  1.650 0.754
+ Adaptive-Step Flow Matching ~ 43.9 1946 169.6920 459 454.0 1.566 0.818
+ All above 12.4 61.5 60.7 2421 46.6 1812  1.561 0.855
+ Quantization 12.5 52.5 48.2305.0 46.2 159.4  1.568 0.844

Table 1: FlashDrive achieves 4.5 x overall speedup with one trajectory on NVIDIA RTX PRO 6000.
The speedup breakdown demonstrates the effectiveness of each component. The throughput next to
decoding time denotes the throughput (token/s) for that setting.

suffice. We fuse each group and additionally compile under the max-autotune mode, which merges
consecutive element-wise and reduction operations and auto-selects the fastest implementation.
Together, CUDA Graphs and kernel fusion provide a 1.39x speedup without changing the model’s
computation.

4 EVALUATION

4.1 SETUP

Model. We evaluate FlashDrive on Alpamayo 1.5-10B, the recent open-source state-of-the-art VLA
model for autonomous driving. While we use Alpamayo 1.5-10B as the primary testbed, FlashDrive’s
techniques are applicable to any VLA model sharing the encode—prefill-decode—action pipeline.

Dataset. We use the open-source NVIDIA Autonomous Vehicle Dataset (NVIDIA, 2025) for both
training and evaluation. For streaming fine-tuning, we sample 4k clips across different chunks and
randomly select starting points and rollout lengths within each clip, yielding ~600k training samples
(at most 150 per clip). For evaluation, we sample 100 clips and extract sliding-window inputs at
10 FPS, producing 120 windows per clip and 12k evaluation samples in total. For diffusion draft
model training, we randomly sample one window input from 60k clips from the dataset.

Metrics. Following the official protocol, we report minADEg @6.4s, the minimum L2 distance
between the ground-truth trajectory and each of six predicted trajectories over the next 6.4s. We
additionally report ADE@6.4s based on a single inference sample.

4.2 EFFICIENCY RESULTS

End-to-end speedup. As shown in Table 1, FlashDrive achieves a 4.5x end-to-end speedup,
reducing latency to 159.4 ms (6.3 FPS). This crosses a critical threshold: at over 6 FPS, the control
loop is fast enough for practical deployment in urban driving scenarios.

System-level gains. CUDA Graphs and kernel fusion alone reduce end-to-end latency by 28.1%
(1.39x). The gains are not uniform across stages: encode, decode, and action benefit the most
because their many small kernels make them disproportionately sensitive to launch overhead. Prefill,
dominated by a single long matrix multiplication, sees no improvement. This asymmetry underscores
why system and algorithm optimizations are complementary: system-level changes address overhead,
while algorithmic changes address the computation itself.

Algorithm-level gains. Table | ablates each technique on top of the system-optimized baseline.
Streaming inference accelerates encoding by 3.5 and prefilling by 3.1 x. DFlash boosts decoding
throughput by 2.6, directly targeting the single largest latency contributor. Adaptive-step flow
matching reduces function evaluations from 10 to 4, yielding a 2.5 X action-stage speedup. Jointly, the
algorithmic gains save 334.1 ms, roughly 1.7x the system-level savings, confirming that eliminating
redundant computation matters more than eliminating overhead when both are present. W4AS8



. AlS5 . F.D. GT

A1.5: Adapt speed for
the stop sign ahead.

F.D.: Same.

A1.5: Stop to yield to the
cross-traffic vehicle.
F.D.: Stop at the

stop sign to yield to
the crossing vehicle.

Figure 6: Qualitative comparison of trajectories and CoC results. (Left) shows the action
visualization, (Right) illustrates the corresponding CoT comparisons (Baseline v.s. FlashDrive
(E.D.)). Two common autonomous driving scenarios are selected for illustration: Longitudinal
Straight Driving (Row 1), and Oncoming Vehicle Encounter (Row 2).

quantization contributes a further 21.8 ms reduction through lower memory bandwidth pressure. The
speedup on both prefill and decode further validate our design: the 8-bit activation quantization is
important for VLA models due to the much more restrict efficiency requirement.

Cross-device deployment. Beyond the RTX PRO 6000, we benchmark FlashDrive on the Jetson
Thor, RTX 3090, RTX 4090, and RTX 5090 (Table 2). With a single trajectory sample, Flash-
Drive achieves a consistent speeup. ranging from 4.0x to 5.7x. Notably, FlashDrive unlocks the
deployment of VLA models on edge devices such as the Jetson Thor, delivering a 4.0 x speedup.

Model Jetson Thor RTX 3090 RTX 4090 RTX 5090 RTX PRO 6000

Alpamayol.5 3770.3 1787.5 1187.2 986.2 716.4

1 sample .
FlashDrive 943.6 (4.0x) 3629 (4.9x) 208.6(5.7x) 196.0(5.0x) 159.4 (4.5%)

Table 2: FlashDrive demonstrates robust acceleration on multiple consumer-level GPU devices,
achieving maximally 5.7 x speedup with one trajectory sample on RTX 4090.

4.3 ACCURACY RESULTS

Table | compares the trajectory accuracy of FlashDrive against the baseline. For minADEg @6.4s (six-
sample), FlashDrive incurs a degradation of only ~0.07 m, roughly 1.1 cm per second of prediction
horizon, well within the safety margin of a standard lane. Surprisingly, single-sample ADE@6.4s
actually improves by ~0.15 m. We hypothesize that this is because streaming fine-tuning, by training
the action expert to be robust to approximate KV caches, acts as a form of regularization that reduces
prediction variance. Similarly, our speculative reasoning also drags the model towards the optimal
trajectory direction by reducing the entropy of CoT sequences while maintaining accuracy. Fig. 6
corroborates this qualitatively: FlashDrive generates the same or highly similar CoC reasoning tokens
and produces trajectories closely aligned with the ground truth, confirming that the 4.5 acceleration
comes at essentially no cost to driving quality.

5 CONCLUSION

We presented FlashDrive, an algorithm-system co-design framework that makes VLA-based au-
tonomous driving run in real time on consumer-level GPUs. The key lesson from our work is that
VLA inference is not a monolithic bottleneck but a cascade of four stages, each dominated by a differ-
ent form of redundancy: temporal overlap in vision, serialization in reasoning, and over-iteration in



denoising. By matching each bottleneck to a lightweight algorithmic shortcut (streaming, speculative
decoding, adaptive step caching) and layering them on top of system-level compilation and fusion,
the speedups compound to 4.5x with negligible accuracy loss. We believe this “profile-then-exploit”
methodology extends beyond autonomous driving to any VLA deployment where latency is the
binding constraint.
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