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Figure 1. The AVIS framework leverages autoregressive video diffusion models to restore videos in a streaming manner, naturally
eliminating latency bottlenecks. Examples show diverse video inverse problems that AVIS can solve in a zero-shot manner.

Abstract

Autoregressive video diffusion models enable low-
latency generation by producing videos chunk
by chunk, yet their potential for measurement-
conditioned long-horizon video restoration re-
mains underexplored. Existing diffusion-based
video inverse solvers typically restore all frames
holistically, delaying the first output frame until
the entire video is reconstructed, and require re-
peated VAE passes for measurement consistency.
We propose AVIS, a measurement-conditioned
autoregressive video diffusion framework for
streaming restoration. AVIS starts reverse diffu-
sion from a measurement-consistent initialization
and restores each chunk autoregressively with KV-
cache conditioning. We further introduce AVIS
Flash, which applies measurement guidance only
to the first chunk and restores later chunks through
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guidance-free autoregressive propagation from
the corrected prefix. On five video restoration
tasks, AVIS reduces initial latency from 114s to
4s and improves throughput from 0.71 to 1.18
FPS compared to a leading non-autoregressive
solver, while achieving stronger restoration qual-
ity. AVIS Flash further increases throughput to
5.91 FPS on a single RTX 4090 GPU, offering a
practical efficiency—quality trade-off for real-time
long-horizon video restoration.

1. Introduction

Long-horizon video generation and restoration require mod-
els that can maintain temporal consistency while producing
usable outputs with low latency. This is especially important
for video inverse problems, where the goal is to reconstruct
a clean video x from a degraded measurement y:

y = A(x) + n, (D

where A is a degradation operator such as downsampling,
masking, or blurring. Video diffusion models provide pow-
erful priors for such ill-posed restoration tasks, but cur-
rent diffusion-based video inverse solvers remain poorly
matched to interactive or real-time long-video settings.
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Figure 2. Overview of our proposed AVIS and AVIS Flash framework. (a) Non-autoregressive restoration processes the entire

video holistically, suffering from high initial latency. (b)

restores videos in a streaming manner and reduces sampling steps via

measurement-consistent initialization while enforcing measurement updates for every video chunk. (c) AVIS Flash retains the same

initialization as AVIS but applies measurement updates only to the first video chunk. Subsequent chunks (n

2) are restored through

autoregressive propagation from the corrected prefix, eliminating iterative VAE passes and dramatically accelerating throughput.

Two bottlenecks are central. First, most existing solvers re-
store the entire video holistically, so the first frame cannot be
displayed until all frames have been sampled. This creates
an initial-latency bottleneck that becomes increasingly prob-
lematic as the video length grows. Second, modern video
diffusion backbones operate in VAE latent space, while
measurement consistency is often enforced in pixel space,
requiring repeated VAE passes that restrict throughput.

We revisit video restoration as streaming measurement-
conditioned autoregressive video generation. Instead of
restoring all frames jointly, we use an autoregressive (AR)
video diffusion backbone that generates short video chunks
sequentially, conditioning each chunk on the restored prefix
through KV caching. This naturally reduces latency: once
the first chunk is restored, it can be displayed immediately
while later chunks continue to be generated.

We propose AVIS, an Autoregressive Video Inverse prob-
lem Solver. AVIS first computes a coarse measurement-
consistent estimate and uses it to initialize reverse diffusion
at an intermediate timestep o, avoiding expensive genera-
tion from pure noise. It then restores the video chunk by
chunk, combining autoregressive prefix conditioning with
measurement guidance. To further improve throughput, we
introduce AVIS Flash, which applies measurement guid-
ance only to the first chunk and restores later chunks through
guidance-free autoregressive propagation from the corrected
prefix. This design exploits the memory mechanism of the
AR model while retaining a measurement-grounded initial-
ization for stable long-horizon restoration.

Our contributions are:
* AVIS. We investigate autoregressive video diffu-

sion models for streaming, measurement-conditioned
video restoration. AVIS starts from a measurement-

consistent initialization and enforces measurement con-
sistency for every chunk, reducing sampling cost while
enabling low-latency output.

e AVIS Flash. We introduce a faster variant that retains
the same initialization but applies measurement guid-
ance only to the first chunk. Later chunks are restored
through autoregressive propagation from the corrected
prefix, substantially improving throughput for long-
horizon restoration.

2. Method

We present AVIS as a streaming, measurement-conditioned
AR video diffusion framework. We instantiate AVIS with
Self-Forcing as the AR video diffusion backbone. The
method consists of three components: the AR backbone,
a measurement-consistency update, and a measurement-
consistent initialization. We then introduce AVIS Flash,
which removes most repeated measurement updates by rely-
ing on first-chunk guidance and AR propagation.

2.1. Autoregressive Video Diffusion Backbone

Let z = [z!,...,2"N] denote a sequence of latent video
chunks. An AR video diffusion model factorizes the video
distribution as

N
p(z) = 1:[ p(z" | z="). )

In practice, the past context z=" is represented by a KV
cache KV=", enabling efficient sequential generation with-
out re-processing all previous chunks.

The Self-Forcing backbone uses a flow-matching sampling
parameterization. For the n-th chunk, let z be the clean
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latent and z7 ~ AN (0, I) be Gaussian noise. The noisy state
at timestep ¢ is

z¢ = (1 —t)zg + tz). (3)
Given a learned vector field v , the clean estimate is
Zoe = z¢ —tv (z¢, 6 KV"). 4)
The next step is obtained by re-noising the clean estimate,

zi- = (1= (t = At)zg + (t — A)zy.  (5)

2.2. Guidance for Measurement Consistency

During restoration, each clean estimate should be both
video-realistic and consistent with the measurement y. Di-
rectly differentiating ||y — .A(D(z))||? through the VAE de-
coder D and diffusion backbone is costly for high-resolution
video. We therefore enforce measurement consistency
through a pixel-space proximal correction. At each timestep,
we decode the clean latent estimate,

X/t = D(Zg)1) (6)

and solve a MAP-style local measurement correction

. .Y 1 .
xg‘t = argmin §Hy — A(x)||? + §Hx - xo‘t||2. @)

Here, ~ controls the strength of measurement consistency.
We use conjugate-gradient (CG) updates and fix v = 1 to
avoid complex parameter tuning. The corrected pixel-space
estimate is re-encoded as

zoe = €(Xope), ®)
and substituted into Eq. (5). This decode—correct—encode

update avoids neural Jacobian computation while enforcing
measurement consistency in pixel space.

2.3. AVIS: Efficient Restoration from a
Measurement-Consistent Starting Point

Starting reverse diffusion from pure noise requires many
steps and can amplify temporal drift in an autoregressive
setting. AVIS instead starts from a measurement-consistent
initialization. We first compute a coarse estimate

Xinit = arg min [ly — A(x)%, ©)

encode it as zinit = &€ (Xinit), and diffuse it to an intermedi-
ate timestep to:

z1 ~N(0,I).  (10)

Although xinjt is measurement-consistent, it may lack per-
ceptual realism. The AR reverse diffusion process refines
this estimate toward the video prior, while the guidance
in Eq. (7) keeps the trajectory faithful to the measurement.
AVIS applies this guidance to every chunk, yielding a high-
quality streaming solver: after each chunk is restored, it
is displayed and stored in the prefix cache for subsequent
chunks.

zt, = (1 — t0)Zinit + toz1,

Algorithm 1 Autoregressive Video Inverse problem Solver
( and AVIS Flash)

1: Require: Measurement y, operator A, diffusion model vy,
number of chunks N, start time to, encoder E, decoder D, and

mode 2 f ; AVIS Flashg.

2 Xing = argmine ky  A(x)k?

3: Zinic E(Xinit) . Pre-restoration

4: KV

5: forn=1:N do

6: zy (1 to)ziy +tozi; zz N(O0;I) . Initialization

7: fort:to ¥ Odo

8: 20 2zt tve(zit KV<™)

9: if mode is or (mode is AVIS Flashand n = 1)
then

10: 25):  Solve Eq. (7) via CG

11: end if

12: zy @ (¢t )2, + (t t)z1; z1
N (0;I)

13:  end for

14:  Display D(z3) and KVS"  Update KV(z3; KV<")

15: end for

16: return [z%; il zg )

2.4. AVIS Flash: Accelerating AVIS via AR Propagation

AVIS Flash further improves throughput by eliminating
repeated proximal measurement updates after the first chunk.
It shares the same measurement-consistent initialization at
to with AVIS for every chunk, but applies Eq. (7) only
when n = 1. Thus, later chunks are not generated from
pure noise; they start from the noised latent of Xjnjt and are
refined by the AR prior. Once the first chunk is grounded
to the measurement, its latent features are stored in the
prefix cache KV, For all later chunks (n > 2), AVIS
Flash performs proximal-update-free AR sampling using
Eq. (4) and Eq. (5), conditioned on the cache KV=". The
measurement-consistent initialization anchors each chunk
to the measurement, while the corrected prefix provides a
temporal anchor that propagates structure across chunks.

Chunk-wise error decomposition. To clarify the intu-
ition, we use the following local decomposition. Let g
denote the initial error of the current chunk, and let 6, de-
note the context error propagated from previously restored
chunks. Under local Lipschitz assumptions on the AR vec-
tor field v , the final error e’,‘< of the n-th chunk after K
sampling steps satisfies

ex < Akeg + Bion, (11)

where Ak and Bk depend on the sampling schedule and
local Lipschitz constants. This decomposition is interpre-
tive rather than a finite-step guarantee: the initialization
reduces €f, while the restored prefix affects later chunks
through the additive context term By dp. This suggests a
quality-throughput continuum: AVIS uses per-chunk guid-
ance, AVIS Flash uses first-chunk guidance, and periodic
re-injection offers an middle ground for long sequences.
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Method | PSNR" SSIM" LPIPS# FVD# FID# | Sub. Con." Bg.Con." M.Smooth." Aesth." Imag."
Super Resolution
DiffIR2VR-Zero | 27.46 0.722 0.157 2256 2449 95.92 95.22 98.14 56.00 69.09
VISION-XL 29.89 0.800 0.115 76.24  22.51 96.10 95.75 99.05 51.96 53.73
LVTINO 30.04 0.824 0.102 5942 18.32 96.36 96.09 99.11 52.63 59.05
AVIS 30.38 0.826 0.101 40.36  23.94 96.30 96.21 99.24 52.19 55.13
AVIS Flash 29.95 0.818 0.109 62.98 2546 96.29 96.14 99.15 51.80 54.59
Inpainting
VISION-XL 29.39 0.801 0.123 144.8 1892 96.09 94.51 98.95 52.82 60.37
LVTINO 26.36 0.737 0.187 3220 3575 95.95 95.56 98.60 51.94 66.86
AVIS 31.27 0.870 0.075 68.90 10.21 96.24 94.61 99.20 54.06 64.15
AVIS Flash 30.29 0.842 0.091 81.75 13.96 96.18 94.84 99.14 53.22 62.90
Gaussian Deblur
VISION-XL 31.10 0.835 0.093 41.52  16.38 96.27 96.23 99.08 52.52 58.01
LVTINO 30.64 0.835 0.109 4745 2037 96.43 96.18 99.20 51.65 57.17
AVIS 30.69 0.831 0.110 36.07 2440 96.30 96.41 99.25 51.54 54.63
AVIS Flash 30.41 0.827 0.115 49.66  25.29 96.31 96.33 99.23 51.24 54.39
Temporal Average
VISION-XL 30.46 0.825 0.095 110.5 1215 95.87 95.00 98.67 54.27 63.08
LVTINO 31.68 0.878 0.069 77776 8.015 96.34 95.11 99.01 55.73 66.36
AVIS 32.10 0.887 0.063 5485 6.803 96.26 95.58 99.12 55.29 67.07
AVIS Flash 31.57 0.878 0.067 57.92  6.829 96.21 95.65 99.05 55.16 67.54
Spatio-Temporal Average
VISION-XL 29.62 0.794 0.124 99.54  24.13 95.96 95.41 98.96 51.44 52.73
LVTINO 29.85 0.818 0.110 9535 19.73 96.27 95.98 99.03 52.42 58.02
AVIS 29.99 0.818 0.112 62.11 25.61 96.22 96.05 99.20 51.62 54.28
AVIS Flash 29.81 0.815 0.117 7323 2594 96.22 95.97 99.13 51.32 54.20

Table 1. Quantitative comparison across five video restoration tasks. Our proposed

achieves superior performance, and its highly

efficient variant, AVIS Flash, maintains competitive performance. Bold and underline indicate the best and second-best results.

3. Experiments

Setup. We evaluate on 100 high-resolution videos from
Pexels, resized to 480 x 854 and cropped to 81 frames. We
consider five restoration tasks: 4 x super-resolution, random
inpainting with 50% masking, Gaussian deblurring, tempo-
ral averaging, and spatio-temporal averaging. We compare
against DiffIR2VR-Zero, VISION-XL, and LVTINO. We
report distortion and perceptual metrics, VBench video-
quality metrics, and efficiency metrics including initial la-
tency, total time, and throughput. All experiments are run
on a single NVIDIA RTX 4090 with tp = 0.1 and K = 2.

Efficiency. Table 2 shows the main efficiency comparison
on 4x video super-resolution. Non-autoregressive baselines
must restore the full video before displaying the first frame,
resulting in 114—167s initial latency for recent high-quality
solvers. In contrast, AVIS and AVIS Flash restore videos
chunk by chunk and reduce initial latency to 4s. AVIS
improves throughput from 0.71 FPS to 1.18 FPS relative to
LVTINO, while AVIS Flash reaches 5.91 FPS on a single
RTX 4090 by removing guidance from later chunks. On a
single NVIDIA H100, AVIS Flash is further accelerated to
10.2 FPS.

Method ‘ Latency (s) # Time (s)# FPS (frame/s) "
DiffIR2VR-Zero 1300 1300 0.06
VISION-XL 167 167 0.49
LVTINO 114 114 0.71
AVIS 4 68.5 1.18
AVIS Flash 4 13.7 5.91

Table 2. Efficiency comparison for 4 video super-resolution.

enables streaming restoration, and AVIS Flash substan-
tially improves throughput by avoiding repeated guidance for later
chunks.

Long-horizon and controllable restoration. To better
match long-horizon video settings, we additionally evaluate
AVIS Flash on longer video sequences in the supplementary
material. These results show that periodic measurement
re-injection can suppress drift and maintain stable autore-
gressive restoration beyond the default 81-frame setting. We
also include an exploratory proof-of-concept for inference-
time novel view synthesis, where depth-based warping un-
der target camera trajectories produces disoccluded regions
and AVIS Flash acts as a trajectory-conditioned inpainting
module. We treat this as a preliminary demonstration of
controllable video editing rather than a primary benchmark.

3.1. Ablation Study

To isolate the contributions of our core components, we
report the ablation study results on AVIS Flash for video
inpainting in Table 3.

Autoregressive Propagation. To isolate the contribution
of autoregressive context propagation, we remove the KV
cache for subsequent chunks while keeping the rest of AVIS
Flash unchanged. Under this setting, each subsequent chunk
starts from the same initialized noisy state as in AVIS Flash,
but is restored without access to the previously generated
prefix. As shown in Table 3(a), removing the KV cache
consistently degrades all metrics. This highlights the benefit
of autoregressive propagation, which provides performance
gains complementary to the initialization. In other words,
the autoregressive propagation of the restored prefix fur-
ther improves subsequent chunk restoration and maintains
temporal coherence across the video.

To further isolate the role of autoregressive propagation,
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Setting | PSNR" SSIM" LPIPS# FVD# FID# | Sub.C." Bg. C." M.Smooth.” Aesth.” Imag."
(a) Autoregressive Propagation
w/ AR Prop (default) | 30.29 0.842 0.091 81.75 13.96 96.18 94.84 99.14 53.22 62.90
w/o AR Prop 29.75 0.830 0.103 108.3  17.67 95.99 94.82 99.11 52.97 62.36
(b) Start Time (to)
to = 0:1 (default) 30.29 0.842 0.091 81.75 13.96 96.18 94.84 99.14 53.22 62.90
to =0:2 28.98 0.810 0.112 112.0 1648 96.13 94.53 99.14 53.28 63.45
to =05 25.50 0.716 0.192 283.3  30.50 95.92 94.11 99.15 53.31 65.21
(c) Sampling Steps (K)
K=1 30.40 0.843 0.091 81.73 14.64 96.18 94.73 99.13 53.15 62.47
K = 2 (default) 3029 0842  0.091 8175 13.96 | 96.18 94.84 99.14 5322 62.90
K=4 29.95 0.837 0.094 81.78  13.69 96.23 95.17 99.15 53.34 63.46

Table 3. Ablation studies on AVIS Flash for the video inpainting task. (a) Effect of autoregressive propagation with KV cache. (b)
Impact of the start time to. (c) Impact of the number of diffusion sampling steps K. Bold and underline indicate the best and second-best

results, respectively.
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Figure 3.

we visualize the case where subsequent chunks are gener-
ated with KV cache conditioning but without the initial-
ization (i.e., starting from pure noise). As shown in the
middle row of Figure 3, autoregressive propagation alone
effectively preserves the context from previous chunks, but
gradually drifts from the desired restoration. This drift is
mitigated by our initialization, as shown in the bottom row
of Figure 3. Starting the reverse process from the initialized
anchor keeps each chunk closer to the desired restoration
trajectory. For longer videos, optional periodic re-injection
of measurement consistency can further trade throughput
for long-range fidelity, as described in Section 2.4.

Start Time (¢p). We study the effect of the start time
to € {0.1,0.2,0.5}. As shown in Table 3(b), a smaller ¢
consistently improves the majority of metrics, with tg = 0.1
yielding the best overall performance. This is consistent
with the results in Figure 3: as ¢p increases, the starting
point approaches pure noise, and the reverse process in-
creasingly relies on pure autoregressive propagation, which
gradually drifts away from the desired restoration. Although
a larger tg slightly improves some perceptual VBench met-
rics, it substantially degrades fidelity metrics. We therefore
adopt top = 0.1 as our default setting.

Sampling Steps (K). We also evaluate the impact of the

Frame 40

Frame 60 Frame 80

Effect of AR propagation and initialization. (Top) Ground-truth video. (Middle) While AR propagation preserves the
preceding context, it exhibits gradual error accumulation over time. (Bottom) Our initialization for the reverse diffusion effectively
mitigates this temporal drift.

number of sampling steps (K € {1,2,4}). Table 3(c) re-
veals a clear trade-off: as the number of steps increases, cer-
tain perceptual metrics (e.g., FID) improve, whereas pixel-
level fidelity metrics (PSNR, SSIM) slightly decrease. Since
larger K increases inference time with diminishing returns
in overall quality, we adopt K = 2 as the default setting to
achieve the best balance between speed and quality.

4. Conclusion

We presented AVIS and AVIS Flash, measurement-
conditioned AR video diffusion frameworks for streaming
video restoration. By combining measurement-consistent
initialization, chunk-wise generation, and first-chunk guid-
ance, our approach reduces latency while maintaining strong
restoration quality, suggesting AR diffusion as a promising
foundation for efficient long-horizon restoration.
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