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Abstract. Autoregressive video diffusion models have emerged as a
promising approach for long video generation, achieving strong perfor-
mance in streaming settings. However, existing methods are restricted
to forward temporal generation, whereas practical video creation often
requires flexible generation order, e.g ., conditioning on future context to
extend backward, or on both past and future context for inbetween gener-
ation. We bridge this gap by training a single autoregressive model that
supports generation in arbitrary temporal directions. A key technical
challenge arises from the Causal 3D VAE widely used in video diffusion
models, where latents are encoded strictly conditioned on past context.
While suited for forward generation, this causal structure causes inter-
block discontinuities when generation proceeds backward. To address
this, we introduce blockwise anchor latents, a set of auxiliary latents
that aim to restore the missing past context at block boundaries dur-
ing backward generation. Built on this design, we propose UniTemp, a
bidirectional distillation framework that trains an autoregressive student
model for any-direction video generation. At inference time, UniTemp
conditions on arbitrary past and/or future frames, improving control-
lability for both bidirectional and inbetween generation. Through ex-
tensive experiments, we demonstrate that UniTemp maintains compet-
itive performance on short and long video generation in comparison to
forward-only methods, while enabling diverse creation workflows such as
bidirectional video extension, inbetween generation, looping video gen-
eration, scene transition, and visual story generation. Project website:
https://lzhangbj.github.io/projects/unitemp/.
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1 Introduction

Diffusion transformers [10,20,27] have dominated the video generation landscape,
achieving high-quality synthesis across diverse visual domains [2,15,19,21,29,35,
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Fig. 1: We present UniTemp, a unified distillation framework that delivers a single
model capable of flexibly generating video conditioned on past context, future context,
or both, and supporting a wide range of generation tasks.

43]. Despite their impressive performance, these models require multiple denois-
ing steps with full-sequence attention at inference, making them computationally
expensive and difficult to scale to long video generation. Recently, asymmetric
distillation [38, 39] has been introduced to address these limitations by distill-
ing a large multi-step full-attention teacher model into a few-step autoregressive
student. By generating videos block by block and caching prior key-value (KV)
pairs, such models enable efficient streaming video generation [40].

Many existing approaches for autoregressive video generation only support
forward (causal) video generation, where each block is conditioned exclusively
on previously generated content. Real-world video creation workflows, however,
often require flexible temporal ordering and iterative editing of generated con-
tent. For example, a user may wish to generate a prologue for an existing clip
(backward extension), fill a temporal gap between two segments (inbetween gen-
eration), or generate key frames first then connect them into a visual story. While
several solutions have been developed recently [1,7,9,14,26,28,31], they each ad-
dress a specific temporal conditioning mode. An open question remains: can we
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develop a unified autoregressive model capable of flexibly generating video condi-
tioned on past context, future context, or both, thereby supporting a wide range of
generation tasks? In this work, we aim to enable autoregressive video generation
in any temporal direction. A natural starting point is to extend existing forward-
only asymmetric distillation [12] to also support backward generation. However,
we find that such a naive approach leads to noticeable inter-block discontinu-
ities and boundary flickering in the generated content, particularly in scenes
with high motion dynamics. We trace the root cause of these visual artifacts to
Causal 3D VAE [42], a component widely adopted in modern video diffusion
models [15,19,29,35,43] for efficient spatio-temporal encoding. Causal 3D VAE
encodes video frames into latents that are strictly conditioned on its preceding
context. While this causal structure aligns naturally with forward generation, it
creates a fundamental mismatch for backward generation: when generating back-
ward, the past context that the decoder expects is unavailable, causing visible
discontinuities at block boundaries. Retraining a non-causal VAE is impractical,
as it would forfeit compatibility with existing pre-trained teacher models.

To address this issue, we introduce blockwise anchor latents, a mechanism
that restores the missing past context at block boundaries during backward
generation. The key intuition is to jointly denoise a small set of auxiliary la-
tents standing for preceding video tokens alongside the target block under full-
sequence attention, allowing the generated frames to attend to a proxy of prior
local context even when generating in reverse order. These anchor latents act as
a bridge between consecutive blocks, providing smooth, artifact-free transitions
without requiring any modification to the pre-trained VAE or teacher model.

Built on this design, we present UniTemp, a unified distillation framework
that trains a single autoregressive student model, supervised by a frozen teacher
diffusion model, to support generation in any direction. UniTemp adopts an
efficient training procedure via shared models between forward and backward
generation tasks. During inference, UniTemp flexibly conditions on past context,
future context, or both, enabling any-direction video generation and unlocking
a diverse set of applications all in one model (see Fig. 1).

Our contributions are summarized as follows.
1. We introduce UniTemp, a unified distillation framework that enables autore-

gressive video generation in any temporal direction. The framework main-
tains training efficiency while delivering a single model for flexible test-time
conditioning with fast inference.

2. We propose using anchor latent to substantially reduce inter-block flickering
when extending existing training frameworks to backward video generation.
We trace this artifact to the design of Causal 3D VAE, and introduce block-
wise anchor latents that restore the missing past context at block boundaries.

3. We demonstrate competitive performance on short, long, and inbetween
video generation tasks in comparison to forward-only methods, while unlock-
ing new capabilities such as bidirectional video extension, scene transition,
looping video generation, and visual story generation.
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2 Related Work

Temporal dependency in video generation. Video generation tasks differ in
their temporal conditioning: text-to-video [2,21,29] generates from scratch, video
extension [1, 9] conditions on the past, and inbetween generation [6, 22, 28, 31]
conditions on both endpoints. Supporting all these modes in a single model re-
mains an open challenge. Prior methods [11,14,17,28,41] for flexible conditioning
adopt mask-guided inpainting with full-sequence attention. MCVD [28] concate-
nates past and future frames with noisy targets along the channel dimension,
randomly masking past or future frames to handle both extension and interpola-
tion. RaMViD [11] randomly masks subsets of frames during training, applying
diffusion only to the masked frames to enable conditioning on arbitrary posi-
tions. VACE [14] unified a broad range of generation and editing tasks through
an input video mask that distinguishes guided regions from generated ones. How-
ever, these approaches require full-sequence denoising with sophisticated input
formats (e.g ., masks) and redundant feature extraction, and thus are slow at
inference. They also pose training difficulties because they require massive real
video data for pretraining or fine-tuning.

Our method instead unifies these tasks within a single distillation framework.
During training, this distillation approach remains efficient and does not require
real video data, unlike previous pretraining- or fine-tuning-based approaches.
During inference, we adopt temporal position indices in RoPE [25] to specify
conditioning positions, and use KV caches to avoid redundant computation over
previously generated blocks, thereby achieving significantly faster inference.

VAE in latent video diffusion models. Generating videos directly in pixel
space is computationally prohibitive. Latent diffusion models [23] address this
by compressing videos into a compact latent space via a variational autoen-
coder (VAE) and training a diffusion model in that space. State-of-the-art mod-
els [2, 15, 29, 35] adopt diffusion transformers (DiT) [20] as the backbone, oper-
ating on spatio-temporal latent tokens with self-attention and text conditioning
via cross-attention. A critical design choice is the VAE architecture. Causal 3D
VAEs [42] have become the dominant choice for their advantages in (1) unified
image and video tokenization, (2) improved generation quality, and (3) reduced
memory usage. They are thus widely adopted by state-of-the-art video diffu-
sion models including CogVideoX [35], Cosmos [19], HunyuanVideo [15], and
Wan [29]. However, a causal 3D VAE introduces a temporal bias: each latent’s
encoding and decoding depend only on its past context. This bias, which has
not been well studied in prior work, becomes a critical obstacle when generation
proceeds backward, as we will show in Sec. 4.1. In this work, we address this
issue with blockwise anchor latents, a sequence of preceding video latents that
participate in the denoising of each block, effectively stabilizing reverse block
generation and largely reducing artifacts.

Autoregressive video generation via distillation. Pretraining video gener-
ation models on massive long-video datasets is challenging. Asymmetric distilla-
tion [40] was proposed as a post-training technique that distills a multi-step full-
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attention teacher trained on short horizons into a few-step autoregressive student
for long video generation. The student generates videos block by block with KV
caching, enabling efficient streaming synthesis for long videos. Self-Forcing [12]
further bridges the train-test distribution gap by conditioning on the student’s
own rollouts rather than ground truth videos during training, largely reduc-
ing quality degradation over long horizons. Subsequent work has stabilized long
generation through training-based [4,16,18,34] and training-free [3,36,37] tech-
niques. These methods, however, support only forward generation. Our UniTemp
builds on the Self-Forcing framework for efficient training but departs from prior
work by training a single student for any-direction generation.

3 Background and Preliminaries

We provide background on latent video diffusion models with Causal 3D VAEs
and on self-forcing for autoregressive video diffusion models. Readers who are
knowledgeable about video generation may skip the rest of this section.

3.1 Latent Video Diffusion Models and Causal 3D VAEs

Latent video diffusion models [23] (LVDMs) encode frames {xi} into VAE latents
{zi}, then use a denoiser (e.g ., U-Net [24] or DiT [20]) to generate latents from
noise. At each noise level t, the denoiser maps noisy latents {zti} to cleaner latents
{zt−1i } conditioned on text.

Most recent LVDMs adopt a Causal 3D VAE [15,19,29,35,42,43], which uses
an encoder E and a decoder D to encode and decode each latent zi using its
past context z≤i, as shown in Fig. 2. With a temporal compression factor of 4,
z0 is a special image latent encoding the initial frame x0, and zi (i > 0) encodes
every four consecutive frames (x4i, . . . , x4i+3). This supports streaming and joint
image-video tokenization [42], but creates a forward temporal bias (Sec. 4.1).

3.2 Self-Forcing

Self-Forcing [12] presents a widely adopted training paradigm for autoregressive
video diffusion models. It distills a slow teacher, such as Wan2.1 [29], into a few-
step autoregressive student Gθ through two training stages. Stage 1 initializes Gθ

with L teacher-generated ODE trajectories {ztl}Ll=1, where t covers the student’s
denoising steps {ti}Ni=1, by regressing each noisy latent to its clean target

Linit = Ez0,i

∥∥Gθ(zti , ti)− z0
∥∥2
2
, (1)

where z0 denotes the clean latent and zti is the noisy latent at denoising step
ti along the teacher’s ODE trajectory. Stage 2 trains Gθ in the same blockwise
autoregressive rollout used at inference, where each block is denoised conditioned
on previously generated blocks rather than ground truth. For block size B =
3, this follows (z0, z1, z2) → (z3, z4, z5) → · · · → (z18, z19, z20). Distribution
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Fig. 2: Left: Causal design of the frozen 3D VAE. It encodes video into spatial-
temporal latents (V) with a leading image latent (I). Each latent is dependent on
its past context. Right: Overview of UniTemp. We distill a teacher model into a uni-
fied autoregressive student Gθ trained on its self-rollout in both forward and backward
directions. In backward generation, we introduce blockwise anchor latents (dashed
circles) to reduce inter-block flickering. The anchor latents only serve to stabilize gen-
erated content by providing approximate missing past context. After being denoised
with the current block, they are discarded and not included as outputs.

matching distillation (DMD) [38, 39] matches the student’s output distribution
to the teacher’s by updating Gθ with

∇θDKL = Ez∼N (0;I),x=Gθ(z) (sreal(x)− sfake(x))
∂Gθ

∂θ
, (2)

where sreal is the score computed from the frozen teacher, and sfake is the score
from a fake denoiser µϕ

fake. µ
ϕ
fake is trained to approximate the student’s distri-

bution using

Lϕ
denoise =

∥∥∥µϕ
fake(z

ti , ti)− z0
∥∥∥2
2
. (3)

As in GAN training [8], µϕ
fake is updated with Lϕ

denoise, while Gθ is updated with
Eq. (2) to match the teacher, as shown in Fig. 2.

4 UniTemp: Design, Training and Inference

Our goal is to distill a single model that supports video generation in arbitrary
temporal orders at test time, thereby enabling a wide range of practical video
creation workflows. In Sec. 4.1, we show that directly extending an existing
distillation framework [12] to backward generation leads to severe inter-block
flickering. We trace this artifact to the latent causality induced by the Causal
3D VAE, and propose blockwise anchor latents to effectively stabilize backward
generation. In Sec. 4.2, we further integrate anchor latents into UniTemp, our
unified distillation framework that trains a single student model to support gen-
eration in any temporal directions. Finally, in Sec. 4.3, we discuss the versatility
of UniTemp in any-order generation tasks at test time. An overview of our ap-
proach is shown in Fig. 2.
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4.1 Blockwise Anchor Latents for Backward Generation

A unified generation framework necessitates backward generation capability.
An intuitive approach is to extend Self-Forcing [12] for backward generation
by reversing the student’s block generation order, i.e., (z0, z1, z2) ← · · · ←
(z15, z16, z17) ← (z18, z19, z20), with each block generated conditioned on its
future blocks5. In practice, however, we observe severe flickering in backward-
generated videos, as shown in Fig. 3. This flickering appears periodically at block
boundaries, often as ghosting/flashing artifacts covering the whole image, and is
more obvious in high-motion local regions.

Evaluating periodic flickering. To better understand this issue, we need a
metric to evaluate these flickering artifacts. Temporal flickering in VBench [13]
serves as a good starting point, but with two drawbacks: (1) it averages frame-
frame pixel differences over the whole video rather than in local temporal context,
and thus fails to identify when the flickering happens, (2) it is highly influenced
by video dynamics, where high-dynamic scenes are more likely to have lower
flickering scores. We thus define Flickering Ratio on top of temporal flickering
to address these two problems. For two neighboring latents zi and zi+1 corre-
sponding to frames (x4i, x4i+1, x4i+2, x4i+3) and (x4i+4, x4i+5, x4i+6, x4i+7), re-
spectively, we compute the flickering ratio (FR) as

FR(zi, zi+1) =

∑
h,w,c |x4i+4(h,w, c)− x4i+3(h,w, c)|∑
h,w,c |x4i+3(h,w, c)− x4i+2(h,w, c)|

. (4)

The numerator measures the pixel L1 distance between decoded frames at latent
boundary x4i+3 → x4i+4. The denominator measures the pixel L1 difference
between two frames decoded by the same latent, which serves as a good indicator
of dynamics in the local clip. By dividing, we measure cross-latent flickering
relative to the local dynamics, which is more robust than simple pixel differences.

We sample a set of dynamic prompts to measure FR. For each video, we split
FR into the following two groups and average the value within each group: (1)
inter-block FR, where zi and zi+1 belong to different generated blocks, and (2)
intra-block FR, where zi and zi+1 belong to the same generated block. Specif-
ically, since intra-block latents can mutually attend to each other with full-
sequence self-attention at every layer, they are expected to demonstrate higher
temporal smoothness, thus lower FR. Inter-block latents can only attend in one
direction through cached keys and values, and therefore should demonstrate
higher FR. We validate this empirically in Tab. 1, where both forward and back-
ward generation show inter-block FRs larger than 1 (1.15/1.42), while intra-block
FRs remain at smaller values (0.93/0.89).

Flickering due to Causal 3D VAE. The abnormally high inter-block FR
in backward generation (1.42) aligns with our aforementioned empirical obser-
vation of cross-block flickering. We attribute this to the causal dependency in
the encoded latents {zi}, which is introduced by a Causal 3D VAE. A Causal
3D VAE imposes a strong dependency of each generated latent zi on its past
5 By default, we use a block size of B = 3 in the rest of this section.
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Fig. 3: Visualization of inter-block flickering in backward generation. Without
anchor latents, visible discontinuities appear at block boundaries.

context z<i but not future context z>i, as shown in Fig. 2 left. In the forward
process, generation of each latent zi naturally follows this causality since it can
always attend to past latents z<i. However, in backward generation, the latent
zi near the left boundary of a block (zi, zi+1, zi+2) can only attend to its future
context z>i, without past context. In contrast, full-sequence attention is applied
within the block so that zi+1 and zi+2 have local past context (zi) and (zi, zi+1),
respectively. Intra-block FR in backward generation can therefore maintain a
low value, as in forward generation.

Our solution: blockwise anchor latents. Motivated by our analysis, we seek
to solve this inter-block flickering issue via an approximation of the missing past
context. Specifically, in every backward-generated block, we expand its block
size from B to (P +B), where P is the number of anchor latents. Each block is
now (zi−P , ..., zi−1, zi, zi+1, zi+2) instead of (zi, zi+1, zi+2). This expanded block
is jointly denoised with full-sequence self-attention within the block, while at-
tending to stored KV cache entries of future latents z>i+2 to receive future
conditioning. Note that while these anchor latents (zi−P , ..., zi−1) can fill in the
missing past context for zi, they themselves (especially zi−P ) now stay near
the left boundary of the block, lacking their own past context. Therefore, after
denoising, we discard the denoised anchor latents and do not include them as
outputs. This idea is illustrated in Fig. 2 right.

We empirically verify that these anchor latents effectively reduce inter-block
flickering, as shown in Tab. 1. We defer the detailed discussion of our validation
to Sec. 5.2.

4.2 Unified Training with Bidirectional Distillation

We now integrate blockwise anchor latents into UniTemp, our unified distillation
framework for any-order temporal generation.

Bidirectional distillation. During training, we adopt Self-Forcing [12] as the
training algorithm and train on both forward and backward tasks, as shown in
Fig. 2. The forward generation pipeline faithfully follows the original Self-Forcing
with blockwise (B = 3) autoregressive generation. In backward generation, we
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introduce anchor latents to expand the block size from B to (P +B), while the
DMD [38,39] loss is applied to the student’s output without anchor latents.

Unified models. Since training includes two directional targets, a natural
choice is to consider separate models for forward and backward generation, i.e.,
(1) separate generators: we can use two generators Gθ

→ and Gθ
← to generate for-

ward and backward videos, respectively, (2) separate fake critics: we can use two
fake critics µϕ

fake,→ and µϕ
fake,← to approximate the distributions of the forward-

and backward-generated videos, respectively. However, separating models as in
previous methods [31] incurs significantly higher memory cost during training
and inference. Separate generators also lose the ability to support flexible tem-
poral conditioning (e.g ., inbetween generation) at test time. Therefore, we adopt
a unified model design, sharing a single student model Gθ and a single fake critic
model µϕ

fake across both generation tasks. Such a shared design can also reduce
the performance gap between forward and backward generation (see Sec. 5.2).

4.3 Versatile Test-Time Capabilities

By training a shared generator in both directions, UniTemp allows generating
each block conditioned on any combination of past and future KV caches, thereby
unlocking versatile test-time capabilities. We discuss these new capabilities and
defer to Sec. 5.1 and Sec. 5.3 for further validation and demonstration.

Both-end-guided sink latents. Sink latents [32] have proven to significantly
improve inference performance and efficiency over long horizons. While previous
methods [3, 4, 16, 18, 34, 36, 37] can only place sink latents at past positions to
stabilize long video generation, we can now shift these latents into the future
by reapplying their RoPE [3, 25, 36] temporal indices, simulating future sink
latents for forward generation. Similarly, in backward generation, we can repo-
sition earlier generated future latents into the past. This yields both-end-guided
sink latents, further reducing quality drift and content variation in long video
generation.

Inbetween generation. Surprisingly, we observe that, although the block size
is set to B (or P+B with anchor latents) during training, the test-time block size
can be flexibly set to any value as long as the maximum attention horizon is less
than that in training, i.e. 21. This enables inbetween generation [5,6,22,28,29,31],
which infills the content of K latents between a head block and a tail block.
Specifically, given a head block of B latents and a tail block of B latents, we can
first obtain their KV caches by feeding them to the denoiser with clean context
noise and a frame gap of K in their RoPE temporal indices. Then, we can produce
the intermediate K latents from noise by applying full-sequence self-attention
within the K latents and attending to the head and tail KV caches.

5 Experiments and Results

Training details. We train UniTemp following the training procedure of Self-
Forcing [12]. Specifically, we use Wan2.1 T2V 14B [29] as the pretrained teacher
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model. The student is a 1.3B model initialized from Wan2.1 T2V 1.3B with 4
denoising steps (1000.0, 937.5, 833.3, 625.0). In the first stage, we use the teacher
to generate 16K ODE pairs, and train the student model for 6K iterations with
a batch size of 128. Both forward and backward attention masks are applied
in each training iteration. In the second stage, we train the student for 600
iterations with a batch size of 64 on the rewritten VidProm [30] prompts. We
apply exponential moving average (EMA) to the student model with a decay
rate of 0.999 starting from iteration 200. We choose a block size of B = 3 and an
anchor latent size of P = 3 for backward generation, unless otherwise specified.

Evaluation protocol, metrics and baselines. We primarily evaluate using
metrics in VBench [13]. While our trained model supports a diverse set of appli-
cations, we focus on the following four dimensions.

1. Flickering ratio. This is the metric described in Sec. 4.1. Since flickering
is more obvious in high-dynamic video, we use an LLM to generate 128
high-dynamic video prompts to evaluate the flickering ratio.

2. Single-direction short video generation. Following conventional eval-
uation protocol in previous works [12, 34], we generate 5s videos using 946
official VBench prompts rewritten by Qwen2.5-7B-Instruct [33]. Metrics are
computed following the official VBench codebase.

3. Single-direction long video generation. Following previous approaches [4,
16,36], we randomly sample 128 prompts from MovieGenBench [21] to gen-
erate 100s long videos for each prompt. We then use metrics in VBench to
evaluate video quality at 10s, 30s, and 100s. We compare to a set of strong
long video generation baseline approaches based on Self-Forcing [12], includ-
ing LongLive [34], Rolling-Forcing [16], and Infinity-Rope [36].

4. Inbetween video generation. We use Wan2.1 T2V 14B to generate 5s
ground-truth videos using the same 128 prompts from MovieGenBench. We
keep the head block (9 frames) and tail block (12 frames) as conditions, and
fill the inbetween region. In addition to VBench metrics, we additionally
measure head / tail frame flickering, the pixel consistency between generated
and ground-truth condition frames, and FID / FVD between generated and
ground-truth videos. We compare to Wan FLF2V 14B [29] and Generative
Inbetweening (GI) [31].

5.1 Main Results and Discussion

Single-direction short video generation. Tab. 2 reports VBench results on
5s video generation. The configuration with separate Gθ and separate µϕ

fake (first
row) corresponds to the Self-Forcing [12] baseline. In comparison, our unified
method achieves competitive performance in both directions compared to the
Self-Forcing baseline. We also observe slightly higher performance in backward
generation. This can be attributed to learning asymmetry rooted in forward bias
in the latent space.



UniTemp 11

Table 1: Ablation study on anchor
latents for backward generation.

Direction Num Anchor P
Anchor as Output Inter-block

FR ↓
Intra-block

FR ↓
Train Inference

→ 0 ✗ ✗ 1.15 0.93
← 0 ✗ ✗ 1.42 0.89
← 1 ✗ ✗ 1.26 0.93
← 2 ✗ ✗ 1.23 0.93
← 3 ✗ ✗ 1.07 0.97
← 3 ✗ ✓ 1.46 0.99
← 3 ✓ ✗ 1.08 0.97
← 3 ✓ ✓ 1.48 0.98

Table 2: Ablation study on train-
ing with shared models. Results
evaluated with VBench [13] on short
(5s) video generation.

Direction Shared Gθ Shared µϕ
fake Quality ↑ Semantics ↑ Total ↑

→
✗ ✗ 84.47 79.23 83.42
✓ ✗ 84.64 79.18 83.54
✓ ✓ 84.89 79.51 83.81

←
✗ ✗ 85.17 80.61 84.26
✓ ✗ 85.02 79.74 83.96
✓ ✓ 85.12 80.69 84.23

10s 30s 60s 100s 10s 30s 60s 100s 30s 60s 100s10s

RollingForcing

LongLive

InfinityRope

UniTemp
Past

UniTemp
Past + Future

UniTemp
Future

UniTemp
Future + Past

~ ~ ~ ~ ~ ~ ~ ~ ~
~

Fig. 4: Long video generation results. Past + future sink latents provide strong
conditioning to reduce content variation over long durations.

Single-direction long video generation. Tab. 3 compares long video gener-
ation at 10s, 30s, and 100s. Existing training-based long video generation meth-
ods (LongLive [34], Rolling-Forcing [16]) achieve high temporal consistency but
produce extremely low-dynamic content (36.72/28.12). Note that this is a trade-
off in VBench metrics: more dynamic content usually leads to lower temporal
consistency, because there are larger differences between neighboring frames. In
comparison, training-free methods with past sink latents [3] can already achieve
strong consistency with slightly degraded dynamics and aesthetic quality. E.g.,
from 10s to 100s, Infinity-Rope’s dynamic degree / aesthetic quality drops from
64.06/61.17 to 55.47/56.26, while Self-Forcing’s dynamic degree / aesthetic qual-
ity decreases from 64.06/62.74 to 62.74/56.85. Our UniTemp inherits such stable
long video generation capability but with increased dynamic degree, which leads
to lower frame consistency. However, we can control such dynamics-consistency
tradeoff by switching between single-end sink latents and both-ends sink latents.
In forward generation, by enabling both-end-guided sink latents, the generated
content faithfully follows the sink frames, effectively reducing drifting from 10s
to 100s with (1) stable and high subject consistency (97.60 → 97.30) (2) lower
but stable dynamic degree (46.80 → 44.50) and (3) stable aesthetic quality
(62.70→ 62.30). Backward generation shows similar patterns. Furthermore, we
can see the visual results in Fig. 4, where UniTemp can generate stable long
videos with content variations controlled by single / both sink latents.
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Table 3: Long video generation results on VBench [13]. We compare forward-
only baselines with UniTemp in both directions under various sink latent configurations.
Past/future sink latents provide temporal anchoring to control content variation over
long durations.

Direction Method Past Sink Future Sink Dur. Subj. ↑ BG ↑ Flicker ↑ Smooth ↑ Dynamic ↑ Aes. ↑ Img. ↑

→

LongLive [34] ✓ ✗

10s 96.84 96.26 97.77 98.84 36.72 62.53 70.65
30s 96.45 95.45 97.65 98.75 38.28 61.12 69.20
100s 96.48 95.52 97.71 98.76 36.72 61.81 69.22

Rolling-Forcing [16] ✓ ✗

10s 96.78 95.48 97.65 98.70 28.12 62.03 71.16
30s 96.60 95.37 97.65 98.72 31.25 60.98 70.96
100s 96.06 95.19 97.45 98.57 29.69 58.96 70.99

Infinity-Rope [36] ✓ ✗

10s 95.48 94.74 96.29 97.93 64.06 61.17 70.18
30s 95.11 94.63 96.13 97.82 59.38 58.78 69.38
100s 94.93 94.53 96.05 97.74 55.47 56.26 69.39

Self-Forcing [12] ✓ ✗

10s 96.47 95.36 96.36 98.31 64.06 62.74 71.23
30s 95.75 95.01 95.88 98.08 64.06 59.84 70.33
100s 96.14 94.84 96.01 98.12 62.50 56.85 70.75

UniTemp ✓ ✗

10s 95.40 94.37 95.11 97.69 81.25 61.64 70.22
30s 94.36 93.54 94.53 97.43 92.97 57.70 69.10
100s 93.95 93.23 94.43 97.37 87.50 56.55 69.53

UniTemp ✓ ✓

10s 97.60 96.30 97.50 98.50 46.80 62.70 70.70
30s 97.40 96.00 97.00 98.10 44.50 62.90 70.80
100s 97.30 95.80 96.90 98.00 44.50 62.30 71.30

←

UniTemp ✗ ✓

10s 94.91 94.57 95.94 98.10 71.09 63.35 70.38
30s 93.89 93.67 94.93 97.73 81.25 60.31 70.71
100s 93.94 93.50 94.67 97.64 85.16 59.02 70.51

UniTemp ✓ ✓

10s 96.87 96.03 97.13 98.34 55.47 62.95 70.39
30s 96.80 95.60 97.04 98.28 60.16 62.69 70.49
100s 96.75 96.00 97.04 98.28 56.25 62.83 70.31

Inbetween video generation. Tab. 4 evaluates inbetween generation given
the first and last frames. Wan FLF2V [29] is a large 14B-parameter model with
high computational cost that has been trained for inbetween generation tasks
on a large amount of video data. GI is built on Stable Video Diffusion [1] with a
fine-tuned backward image-to-video diffusion model. At inference, the denoising
steps need to be run for both forward and backward image-to-video genera-
tion, leading to inefficiency in both memory and speed. Both Wan FLF2V and
GI support only a single frame on each side for conditioning. In comparison,
UniTemp is not specifically trained for inbetween generation tasks and has only
one unified model. The shared architecture allows simultaneously conditioning
on both head and tail frames, while its autoregressive nature allows conditioning
on flexible numbers of head and tail frames. UniTemp shows strong performance
by outperforming GI and Wan FLF2V in background consistency, image quality,
and video distribution. Different from GI and Wan FLF2V, UniTemp can reuse
latents of conditioning frames and thus does not need to reproduce the condi-
tioning frames, leading to much higher boundary consistency. Qualitatively, as
shown in Fig. 5, GI often assumes linear motion between head and tail frames,
resulting in sometimes unnatural content and sudden blending effects, especially
when the head and tail frames are far apart (the second case). In contrast, Wan
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Table 4: Inbetween video generation results. We compare UniTemp against Wan
FLF2V [29] and GI [31] on bounded generation given head and tail frames. Head/tail
flickering measures boundary consistency with the ground-truth frames.

VBench Dimensions Boundary Distribution

Method Subj. ↑ BG ↑ Flicker ↑ Smooth ↑ Dynamic ↑ Aes. ↑ Img. ↑ Head ↑ Tail ↑ FID ↓ FVD ↓

GI [31] 94.48 92.90 97.27 98.75 62.50 60.19 62.88 96.29 97.47 34.21 34.66
Wan FLF2V [29] 93.44 93.63 97.38 98.54 64.84 64.38 64.59 98.88 98.52 23.31 27.77
UniTemp 93.81 93.71 97.18 98.46 63.28 65.75 66.68 99.52 98.16 24.94 25.00

Ground-truth 94.11 94.78 97.64 98.66 57.81 61.17 64.25 100.00 100.00 – –

GI

Wan
FLF2V

UniTemp

Head Generated Tail Head Generated Tail

Fig. 5: Visualization of inbetween video generation. Given the head (leftmost) and tail
(rightmost) frames, UniTemp infills temporally coherent content.

FLF2V and UniTemp can generate intermediate content with natural variations,
while UniTemp is much more efficient in both training and inference.

5.2 Ablation Studies

Effect of anchor latents Tab. 1 reports inter-block and intra-block flicker-
ing ratio for varying numbers of anchor latents P . The baseline without anchor
latents exhibits a backward inter-block flickering ratio of 1.42, confirming sub-
stantial boundary artifacts. Increasing P progressively reduces this: P=1 (1.26),
P=2 (1.23), P=3 (1.07). At P=3=B, the ratio approaches the ideal value of
1.0. In addition, we investigate whether the anchor latents should be included
as outputs in training and inference. When included as outputs in training, the
loss is applied to the anchor latents. As discussed in Sec. 4.1, anchor latents
themselves are generated without past context. Therefore, once included in the
outputs at test time, they are positioned near block boundaries and still show
inter-block flickering, as validated in Tab. 1 (1.07 → 1.46, 1.08 → 1.48). We
show video visualizations of this flickering in the appendix.

Unified vs. separate models. Tab. 2 compares three training configurations.
Overall, training direction-specific separate models for either the student gen-
erator Gθ or fake diffusion model µϕ

fake does not bring significant performance
gains but introduces higher training cost. Our unified training framework can
also reduce the performance difference between forward (84.89/79.51/83.81) and
backward (85.12/80.69/84.23) generation. This demonstrates the effectiveness
and efficiency of our unified training framework.
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Table 5: User study for evaluating cross-block flickering. We report preference
between videos generated with and without anchor latents, together with agreement
between user preference and the proposed inter-block flickering ratio (FR).

Number of Responses
Preference Rate

Agreement with inter-block FR
w/ Anchor w/o Anchor

200 87% 13% 80.5%

Head Generated Tail

Fig. 6: Application: looping video
generation with same head/tail frames.

Head Generated Tail

Fig. 7: Application: scene transition
given distinct head and tail frames.

Subjective assessment of cross-block flickering We conduct a user study
with A/B tests to subjectively assess cross-block flickering. Each user watches
20 random pairs of videos. Each pair of videos are generated with and without
anchor latents, with the same input prompt. We ask users to opt for the one
with less cross-block flickering. Tab. 5 shows an 87% user preference on videos
generated with anchor latents. Additionally, we choose the videos with less inter-
block flickering ratio (FR), and compare it with users’ preference. This shows
80.5% agreement between human preference with our inter-block flickering ratio
(FR), suggesting it as a valid metric to assess inter-block flickering.

More analysis. Additionally, we evaluate training and inference efficiency,
demonstrating superior efficiency of UniTemp in both stages. We show the re-
sults and details in the supplementary material.

5.3 Applications

Since UniTemp enables flexible conditioning at inference time, we demonstrate
its effectiveness across several applications. Implementation details for these ap-
plications are provided in the supplementary material.

Looping video generation. By shifting the head conditioning frames to the
future and then generating the intermediate content between them, we can easily
achieve looping video generation, as shown in Fig. 6.

Scene transition. When the head and tail frames are highly different, we face
the challenging task of scene transition. Surprisingly, we find that UniTemp can
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perform reasonably well in this task between contrasting scenes. As shown in
Fig. 7, UniTemp can associate visual similarities and apply a smooth transition.

Long-shot visual story generation. With versatile generation orders and
conditioning frames, we are now able to build visual stories in any order we
want, instead of only extending forward. For example, in Fig. 1, we can generate
multiple key scenes first, then flexibly extend forward / backward / infill between
any two existing scenes, allowing looping long-shot visual story generation across
different numbers of scenes and durations.

6 Conclusion and Discussion

We presented UniTemp, a unified distillation framework for training autoregres-
sive video generation models that support arbitrary temporal generation or-
ders. We identified the cross-block flickering issue in backward-generated videos,
which is associated with the causal temporal bias of Causal 3D VAE latents.
We proposed blockwise anchor latents to help restore missing past context at
block boundaries. Built on these anchor latents, UniTemp trains a single stu-
dent model for both forward and backward generation. Computed features can
then be shared across any-direction generation workflows, enabling efficient in-
ference. Empirically, UniTemp achieves competitive performance on short- and
long-video generation, as well as in-between generation, while enabling appli-
cations such as looping video generation, scene transitions, and visual story
generation, all without task-specific fine-tuning.

Limitations. Backward generation incurs additional per-block computation due
to the jointly denoised anchor latents; forward generation is unaffected. The
causal VAE and teacher model remain inherently forward-biased: anchor latents
mitigate but do not fully eliminate this asymmetry. Exploring bidirectional VAE
architectures that maintain compatibility with existing pre-trained teachers is a
promising direction for future work.
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