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Abstract. Interactive video-to-video applications require real-time gen-
eration while maintaining long-range temporal consistency. However, re-
cent methods achieve speed by restricting attention to a fixed-length
causal window. This limits long-range consistency whenever relevant his-
tory falls outside the context window. To address this limitation, we in-
troduce vid2vid-long, a correspondence-based approach grounded in a
simple observation. Video-to-video translation provides an explicit cross-
frame reference: the regions that match in the input video should match
in the output video too. Concretely, we compute patch-level correspon-
dences in the input, guiding retrieval of previously generated outputs in
the corresponding regions, and adding them to the context window. Our
experiments demonstrate that vid2vid-long consistently improves long-
range temporal consistency across recent video models while preserving
generation quality and real-time performance.

1 Introduction

Real-time video-to-video translation unlocks a large class of interactive applica-
tions, including streaming, gaming, and augmented and virtual reality. Recent
advances in large scale text-to-video diffusion models [1,6,16,30,40,56], and sub-
sequently distilling them into few-step, autoregressive models [12, 20, 22, 46, 50],
have enabled high-quality generation at interactive speeds.

Autoregressive video generation relies on a history of past frames to ensure
temporal continuity. However, determining an efficient mechanism for maintain-
ing this history remains a fundamental challenge. Naïvely retaining all past out-
puts causes memory to scale linearly and runtime quadratically with sequence
length, both of which are prohibitive for real-time applications. To maintain
real-time latency, many methods resort to a fixed-length sliding window. While
this ensures a fixed memory and runtime per frame, it fundamentally sacrifices
long-range consistency: once an object leaves the window, often after only a few
seconds, the model “forgets” it forever.

Several lines of work have attempted to bridge this gap. First, attention
sinks [22,37,44,46] heuristically retain the initial frames as a global anchor.

However, this approach inherently cannot address novel content that first
appears in a later frame, even in cases like simple disocclusions. Another ap-
proach involves models with learned hidden states, such as Mamba [4,8], which
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Fig. 1: Long-range consistency without long context windows. Standard auto-
regressive video translation forgets content once it falls outside its context window
(middle row). Our proposed method vid2vid-long (bottom row) explicitly retrieves
matching past outputs when the inputs recur, maintaining consistency over long videos.
Please see the supplement for a large grid of qualitative result videos.

compress history into fixed-size bottlenecks. While efficient, these models often
forgo the expressive power of transformers and remain largely limited to scenes
with lower temporal complexity [31].

Finally, some methods use pose conditioning [51] or explicit world representa-
tion (e.g., 3D point clouds) to maintain a consistent world [41,45]. These methods
struggle to model dynamic scenes and require additional privileged inputs that
are hard to obtain.

In this paper, we address the challenge of long-range consistency in video-to-
video translation. Our insight is that long-range consistency cues are provided
in the input video itself. That is, if two regions match in the input video, their
generated outputs should match as well. The input space can therefore serve as
an index for retrieving previously generated content, allowing consistency to be
enforced, without requiring access to the full output history.

As such, we introduce vid2vid-long, a correspondence-based dynamic mem-
ory mechanism that enables long-term consistency while preserving real-time
performance. Concretely, we compute patch-level correspondences in the input
video and use them to index a compressed global representation of prior out-
puts. This representation grows only when novel content appears, rather than
with video length, making the memory growth sub-linear. The approach is com-
plementary to existing autoregressive distillation backbones.

We evaluate our approach in combination with multiple autoregressive distil-
lation frameworks, including Self-Forcing, LongLive, and Rolling Forcing. In all
settings, incorporating our technique substantially improves long-range consis-
tency, while maintaining real-time inference speed and high visual quality. Our
main contributions are:

– We identify a structural property of video-to-video translation: correspon-
dences in input space induce correspondences in output space, enabling
input-driven retrieval for long-range consistency.
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Fig. 2: Correspondence-based video translation. The memory is populated with
input-output correspondence pairs from previous generations. To support the consis-
tent translation of the next block of frames, we first retrieve from memory the output
patches whose corresponding input is most similar to the current. These output patches,
together with the normal input signal, is the input to our video diffusion model. Based
on the new induced input-output pairs, we write to memory only those that are suffi-
ciently different from existing.

– We propose a correspondence-based mechanism that maintains a compressed
global representation of prior outputs whose size scales with visual novelty
rather than sequence length.

– We demonstrate consistent improvements in long-range temporal coherence
across multiple real-time autoregressive backbones.

2 Related Works

Controllable Generation. The rapid advancements in text-to-image [18, 33, 43]
and text-to-video [1,10,40] has been accompanied by controllable adapters that
allow a more fine-grained control over the generation. In the image domain, works
like ControlNet [53], Sketch-Guided-Diffusion [39], T2I adapter [25], img2img-
turbo [27] show the ability to add structure control like edge maps, depth maps,
and hand drawn sketches. Models such as IP-adapter [47], BLIP-diffusion [19],
SynCD [17], VisualComposer [28] show ability to condition the generation of
subject identity. These methods have also been extended to videos in recent
methods like ControlVideo [55], Control-A-Video [3], VACE [14], and COSMOS-
T [26]. However all of these methods are designed for offline generation; they
rely on global bidirectional attention and need multiple diffusion steps, making
them both computationally expensive, non-causal, and unsuitable for interactive
applications. We aim to address this gap in this paper.

Diffusion Distillation. Several prior works have explored speeding up diffusion
models by reducing the number of denoising steps. Initial image domain ap-
proaches like consistency models [38], progressive distillation [34], adversarial
distillation [36], and distribution matching distillation [48, 49], moment match-
ing distillation [35] enabled high-quality inference in 1–4 steps. Recent methods
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like CausVid [50] and Diffusion Forcing [2] extend the distillation to video gen-
erative models but often struggle with error accumulation during auto-regressive
inference. To address this, Self-Forcing trains the student model on its own gen-
erated rollout, rather than ground truth video. We build on this to ensure our
rendering remains stable for longer sessions.

Long Context Generation. Maintaining long-term consistency in autoregressive
generation is computationally challenging due to the quadratic complexity of
transformer attention. This is particularly severe for videos: five seconds of 480p
video can exceed 32,000 tokens in modern architectures like WAN2.1 [40]. Exist-
ing methods such as Streaming-T2V [11] or LongLive [46] typically use sliding
windows or hierarchical latent memory. However, these often suffer from recency
bias, where the model forgets the appearance of objects or environments during
loop closures or long-duration occlusions. While the language modeling litera-
ture has explored KV cache pruning and compression [7,23], these methods often
ignore the spatiotemporal continuity of video.

Rather than deciding which history to retain solely based on temporal posi-
tion, learned compression, or token importance, we use input-space correspon-
dences to retrieve the specific past outputs that are relevant to the current frame.
This makes the memory mechanism task-aware and particularly well-suited to
video-to-video translation, where repeated input regions should induce repeated
output appearances.

3 Method

Our objective is to design an autoregressive video-to-video diffusion model equipped
with a correspondence-based memory mechanism. This architecture enables long-
range temporal consistency while maintaining the low-latency performance re-
quired for real-time deployment. We begin by reviewing the autoregressive for-
mulation in Section 3.1. In Section 3.2, we introduce our explicit correspondence-
based memory component. We then detail our strategy for conditioning on this
historical context in Section 3.3. Finally, we describe the specific training objec-
tives and real-time inference procedures in Sections 3.4 and 3.5, respectively.

3.1 Preliminaries

Bidirectional Video Generation. Our method builds upon pre-trained flow-matching
models designed for video-to-video translation. Specifically, we adopt VACE [14],
which is a latent flow-matching model, operating within the latent space of a
pre-trained Variational Autoencoder (VAE) [33]. Given a block of input frames
I(b) ∈ RT×H×W×3, the VAE encoder E maps the pixel data to a latent represen-
tation z(b) ∈ Rt×h×w×c. The latent dimensions are determined by the spatial and
temporal compression factors, which for VACE are given as follows: h = H/8,
w = W/8, and t = 1 + T/4. Following common practice in vision transform-
ers [29], the latent block is further “patchified” into a sequence of tokens. Each
latent frame is partitioned spatially into non-overlapping patches of size 1×p×p,
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where the temporal dimension of a patch remains singular. This process yields
a total of N = t× (h/p)× (w/p) tokens per block. Specifically for VACE, p = 2.

For the generative model itself, VACE utilizes a bidirectional spatiotemporal
transformer to generate an entire video at once. This design implies that every
generated token depends on the full context of the video, including both past
and future tokens. This design is expensive in computation and memory, limiting
their operation to short, fixed-length sequences, typically up to five seconds.

Autoregressive Video Generation. To enable long-form generation, recent meth-
ods [12, 22, 46, 50] replace bidirectional attention with causal attention. These
models generate videos autoregressively in temporal blocks, where each block
z(b) is generated by conditioning on the previously generated blocks z(<b). Ac-
cess to previously generated blocks is typically implemented via a causal KV
cache. While theoretically sound, maintaining the entire history z(<b) causes
the runtime to grow quadratically with the video length, and the memory us-
age linearly. To ensure a constant per-frame runtime necessary for streaming
applications, the causal attention is typically restricted to a smaller set of past
frames, implemented with a sliding window of size W . Under this constraint,
the generation of block b conditions only on the most recent context z(b−W :b−1).
Although this approach bounds the computational cost, it fundamentally limits
temporal consistency to the window size. Any information that falls outside this
window becomes inaccessible to the model, leading to identity drift and “forget-
ting” over long horizons. Our method addresses this limitation by providing an
explicit correspondence-based memory that allows any autoregressive model to
access the history arbitrarily far beyond its fixed window.

3.2 Compressed Patch History

In video-to-video translation, the availability of the input stream allows us to
move beyond temporal proximity as the sole proxy for relevance. While a sliding
window approach utilizes only recent frames for context, we can use explicit
correspondences in the input space to identify relevant history from any point
in the past. This is a reliable strategy because regions that “match” in the input
video should “match” in the generated output (see Figure 2).

By explicitly hard-coding these correspondences, we offload the burden of
discovery from the transformer’s expensive attention layers. Rather than forcing
the model to rediscover these relationships through expensive high-dimensional
matching, we provide them directly via an external index. We represent this
memory as an evolving set of input-output pairs. Each entry consists of a de-
scriptor for an input patch, which acts as a retrieval key, and the corresponding
generated output patch, which serves as the value for future conditioning. To en-
sure the system remains scalable for long sequences, we only update the memory
when the input video presents novel information. If an incoming patch is already
sufficiently represented in the history, we do not save it. This ensures that the
memory footprint scales with the visual novelty of the scene, rather than the
raw sequence length. (See history growth analysis in the appendix.)
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To implement this mechanism, we define three concrete operations that gov-
ern the memory lifecycle. We first specify the patch-level representation for the
keys and values, followed by the retrieval protocol for reading from history, and
finally the novelty-based policy for writing to the global store.

Patch Descriptor. Our memory mechanism leverages the spatial discretization
already present in the diffusion transformer (see Section 3.1). In this framework,
every input video spatiotemporal patch is already mapped to a small latent
patch of shape (1, 2, 2) that corresponds to a single token. From here, we use
term “latent patch” for these token-corresponding patches. We assign each latent
patch a global index g that uniquely identifies its spatiotemporal coordinates.
For every input latent patch at index g, denoted as zg, we define a descriptor kg

to serve as a retrieval key. We evaluated several feature extractors ϕ to produce
these keys, including external vision backbones applied in pixel space. However,
our experiments show that the most effective representation is the latent patch
itself (further analysis is included in the appendix). Consequently, we define
the feature extraction function as the identity mapping, where kg = zg. This
approach also avoids the computational cost of decoding latents back to pixels
and the inference run of additional feature extraction backbones. Under this
formulation, the memory stores pairs (kg,vg), where the key is the input latent
patch and the value vg is the corresponding to the generated output latent patch.

Memory Management. To maintain temporal coherence throughout the gen-
eration process, we define the memory as a dynamic set of key-value pairs that
evolves alongside the autoregressive blocks. Let Hb represent the memory state
after the generation of block b, initialized as an empty set H0 = ∅. We simi-
larly define Gb as the set of all global indices g associated with the latent tokens
generated within block b. Under this formulation, the generation of each subse-
quent block b+ 1 utilizes the existing history Hb for retrieval and concludes by
updating the state to Hb+1 using the newly generated tokens in Gb+1.

Memory Write Policy. The memory state is updated after the generation of
each block by evaluating the novelty of every new latent patch relative to the
existing stored patches. For each generated latent patch at index g ∈ Gb+1, we
pair the input descriptor kg with the corresponding output latent patch vg. The
similarity between a query latent patch kg and the current memory Hb is defined
as the maximum cosine similarity:

sim(kg,Hb) = max
(kg′ ,vg′ )∈Hb

sim(kg,kg′) = max
(kg′ ,vg′ )∈Hb

kg · kg′

∥kg∥∥kg′∥
. (1)

The latent patch and its corresponding generated output vg are committed to
the memory only if this similarity falls below a novelty threshold τh. The updated
memory Hb+1 is thus defined as:

Hb+1 = Hb ∪ {(kg,vg) : sim(kg,Hb) < τh}g∈Gb+1
. (2)
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This policy ensures that memory footprint and inference cost scales with
discovery of unique visual content rather than total sequence length.

Memory Read Mechanism. Before generating the output latents for block b+1,
we query Hb using the descriptors of the current input latent. For each patch
index g, we identify the set of k nearest neighbors Nk(g) whose similarity exceeds
a retrieval threshold τm:

Nk(g) = Topk({(kg′ ,vg′) ∈ Hb : sim(kg,kg′) ≥ τm}). (3)

For every query latent patch that satisfies this condition, we retrieve the stored
output values vg′ . If no entries in Hb meet the threshold τm, the neighborhood
Nk(g) is empty. We track these occurrences with a binary validity mask mg,
where mg = 1 if Nk(g) ̸= ∅ and 0 otherwise. This mask and the retrieved values
are then used to condition the diffusion transformer as described in Section 3.3.

3.3 Conditioning via Correspondence Cross-Attention

We now describe how these retrieved values are used to condition the video
translation model. The retrieved output patches {vg′} are tokenized using the
same patch embedding as the input latents, producing history tokens hg′ in a
shared representation space.

To incorporate these history tokens into the video-model architecture, we add
correspondence cross-attention layers to every transformer block between self-
attention and text cross-attention layers. Each token attends only to its own k
retrieved neighbors. Concretely, for each token index g, the current hidden state
xg provides the query. Let Hg = {hg′}(kg′ ,vg′ )∈Nk(g) denote the set of retrieved
history tokens for query g. We define

CorrXA(g) = mg ·Wo Attn(Wqxg, WkHg, WvHg). (4)

where mg is the validity mask that zeros out tokens without valid correspon-
dences. The output is added as a residual: xg ← xg + CorrXA(g). The output
projection Wo is zero-initialized [53], so the layer acts as an identity at the start
of training, preserving the behavior of the pretrained model. Since each token
attends only to its k neighbors, the computational overhead of these layers is
minimal. We’ve described the cross-attention operation for a single token. To
implement this efficiently, we reshape the query and memory tensors to collapse
the sequence length into the batch dimension, effectively treating each token’s
cross-attention as an independent 1 × k operation. Please see the appendix for
runtime analysis and architecture diagram.

3.4 Training

We incorporate our correspondence-memory with several different autoregres-
sive video model. Unless stated otherwise, we use Rolling Forcing [22] distilla-
tion with 5 steps as the default configuration. The student model is initialized
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Table 1: Quantitative evaluation on depth-to-video translation. We report
long-context reconstruction metrics (LPIPS, DreamSim, CLIP-Sim), quality scores (V-
Bench), and inference efficiency. Offline methods are shown in gray on the top and
distillation based autoregressive methods are shown at the bottom. The best method
in each column is marked in bold and the second best method is marked in underline.

Family Method Base
Model

Reconstruction Quality
Score↑

Efficiency

LPIPS↓ DreamSim↓ CLIP-Sim↑ Latency(s)↓ FPS↑

Offline

VACE 1.3B N/A 0.463 0.195 0.901 0.835 79 1.03
Control-A-Video SD 1.5 0.288 0.169 0.907 0.722 11 0.89
VideoComposer N/A 0.664 0.333 0.847 0.724 11 1.36
ControlVideo SD 1.5 0.174 0.065 0.954 0.778 550 0.59

Auto-
regressive

Self-Forcing (4 steps) VACE 1.3B 0.548 0.203 0.881 0.789 0.67 13.74
LongLive (4 steps) VACE 1.3B 0.511 0.218 0.874 0.817 0.68 13.83
Rolling Forcing (5 steps) VACE 1.3B 0.427 0.172 0.905 0.799 2.58 10.99
Ours (2 step) VACE 1.3B 0.302 0.079 0.941 0.814 1.09 13.88
Ours (5 step) VACE 1.3B 0.240 0.066 0.955 0.828 3.72 8.10

from pretrained VACE 1.3B and all model parameters are finetuned jointly, in-
cluding the newly introduced correspondence cross-attention layers. We adopt
the standard Rolling Forcing objective without modification or extra loss terms.
The correspondence memory is active during training, and memory read and
write operations are performed as described in Section 3.2. The student con-
ditions on retrieved correspondences from its own previously generated blocks,
and newly generated patches are written to memory according to the novelty
threshold. The teacher model is a bidirectional VACE 14B model and it does
not use correspondence memory. Please see the supplementary for full training
details.

3.5 Inference

At inference time, the model generates the video autoregressively, processing
fixed-size blocks sequentially. At the start of each video, we set H0 = ∅. For each
block b, we compute the input latent tokens zg, g ∈ Gb. Using zg, we query Hb

to compute neighbors Nk(g) for each g ∈ Gb. The retrieved neighbors are used to
condition the translation network through correspondence cross-attention layers
during each denoising step of block b. Retrieval is performed once per block and
the resulting neighbors are reused across all denoising steps. After block b is
fully denoised, we obtain the output latents vg, g ∈ Gb, and update the memory
according to Eq. 2. The updated memory Hb+1 is used to generate the next
block b+ 1. A complete inference pseudocode is provided in the supplementary.

4 Experiments

Here, we first evaluate our method on depth-to-video translation, focusing on
long-range temporal consistency on long videos. Our mechanism is agnostic
to the conditioning modality. Experiments are conducted on two benchmarks:
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Table 2: Quantitative evaluation on depth-to-video translation (DL3DV).
We report long-context reconstruction metrics (LPIPS, DreamSim, CLIP-Sim), quality
scores (V-Bench), and inference efficiency. Offline methods (gray) are shown on the top
and distillation based autoregressive methods are in the bottom.The best method in
each column is marked in bold and the second best method is marked in underline.

Family Method Base
Model

Reconstruction Quality
Score↑

Efficiency

LPIPS↓ DreamSim↓ CLIP-Sim↑ Latency(s)↓ FPS↑

Offline

VACE 1.3B N/A 0.592 0.240 0.881 0.819 79 1.01
Control-A-Video SD 1.5 0.437 0.188 0.895 0.727 14 0.89
VideoComposer N/A 0.672 0.303 0.854 0.718 12 1.39
ControlVideo SD 1.5 0.205 0.057 0.957 0.794 2518 0.38

Auto-
regressive

Self-Forcing VACE 1.3B 0.616 0.238 0.870 0.790 0.67 13.74
LongLive VACE 1.3B 0.534 0.170 0.896 0.806 0.68 13.83
Rolling Forcing VACE 1.3B 0.445 0.163 0.907 0.806 2.58 10.99
Ours (2 step) VACE 1.3B 0.379 0.083 0.932 0.799 1.09 13.88
Ours (5 step) VACE 1.3B 0.305 0.058 0.952 0.821 3.72 8.10

Table 3: Sensitivity to the distillation method. Our correspondence mechanism
consistently improves long-context reconstruction across all three autoregressive distil-
lation methods, with minimal impact on quality. The base model used is VACE 1.3B.

VACE-Bench DL3DV

LPIPS↓ DreamSim↓ CLIP-Sim↑ Quality Score↑ LPIPS↓ DreamSim↓ CLIP-Sim↑ Quality Score↑

Self-Forcing 0.548 0.203 0.881 0.789 0.616 0.238 0.870 0.790
+ Correspondence 0.343↓37% 0.097↓52% 0.930↑6% 0.794 0.451↓27% 0.151↓37% 0.897↑3% 0.775

LongLive 0.511 0.218 0.874 0.817 0.534 0.170 0.896 0.806
+ Correspondence 0.272↓47% 0.057↓74% 0.953↑9% 0.807 0.345↓35% 0.064↓63% 0.945↑5% 0.786

Rolling Forcing 0.427 0.172 0.905 0.799 0.445 0.163 0.907 0.806
+ Correspondence 0.240↓44% 0.066↓62% 0.955↑6% 0.828 0.305↓32% 0.058↓65% 0.952↑5% 0.821

VACE-Benchmark [14], covering diverse real-world scenes, and DL3DV [21], a
geometry-grounded 3D dataset enabling controlled pose revisits. We compare
against bidirectional diffusion models, prior video translation methods, and re-
cent autoregressive distillation approaches, and ablate the key components of our
correspondence mechanism. Unless stated otherwise, all experiments use VACE
1.3B at 480p resolution.

Datasets. We evaluate on two benchmarks. VACE-Benchmark [14] contains
diverse real-world video sequences with varying motion and scene complexity.
DL3DV [21] is a geometry-grounded 3D dataset with calibrated camera poses,
enabling controlled evaluation of viewpoint revisits and long-range consistency.
Additional dataset details and preprocessing are provided in supplement.

Evaluation Protocol. We evaluate our method in terms of video quality, long-
range consistency under revisits, and inference efficiency. Video quality is mea-
sured on full generated videos using V-Bench [13] metrics (subject consistency,
background consistency, temporal flickering, motion smoothness, aesthetic qual-
ity, and imaging quality). Experiments report average of scores, individual met-
rics values are provided in supp. Long-range consistency is evaluated using con-



10 Parmar et al.

VA
C
E

(te
ac

he
r)

C
on

tro
l-

A-
Vi
de

o
Vi
de

o
C
om

po
se

r
C
on

tro
l

Vi
de

o
Se

lf-
Fo

rc
in
g

Lo
ng

Li
ve

Ro
llin

g
Fo

rc
in
g

O
ur
s

In
pu

t

Fig. 3: Qualitative comparisons. We show two frames sampled far apart in time
for three example videos (left and right). Bidirectional methods (VACE 1.3B) and
Autoregressive distillation methods produce high-quality individual frames but fail to
maintain object identity over long durations. Adding our correspondence mechanism
preserves consistent appearance throughout the video.

trolled revisit protocols that require model to reproduce previously observed
content. On VACE-Benchmark, following [9], we construct synthetic long se-
quences by concatenating two distinct 5-second clips in an interleaved order
(A→B→A→B), and measure reconstruction consistency between first and fi-
nal occurrences. Consistency is quantified using LPIPS [54], DreamSim [5], and
CLIP [32] image similarity. On DL3DV, we train a 3D Gaussian Splatting
model [15] using calibrated camera poses to render exact pose revisits and mea-
sure consistency between first-visit and revisit frames. We measure inference
latency and throughput. Inference latency is measured as time to produce first
frame and throughput is reported in frames per second (FPS). All measurements
are performed on a single NVIDIA H100 GPU.

Implementation Details. We use VACE 1.3B [14] as the student model and VACE
14B as the teacher. The student is initialized from the pretrained VACE 1.3B
checkpoint and trained using Rolling Forcing [22]. For correspondence retrieval,
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Fig. 4: Comparing to alternate consistency mechanisms. We compare different
strategies for extending the temporal context beyond sliding window, including enlarg-
ing the KV cache, keyframe retention, global pooling, FramePack [52] compression, and
random retrieval. While these approaches provide partial improvements, they suffer for
loss of details or quality degradation under long-range revisits. In contrast, our cor-
respondence based method (bottom row) enables accurate reuse of historical content
and preserving consistency over long time horizons.

we use VAE encoder’s latent features as keys, with k = 3 retrieved neighbors,
history threshold τh = 0.75, and memory threshold τm = 0.75. Training is
performed using AdamW [24] with batch size 64, a learning rate of 2 × 10−6

for the student network and 4× 10−7 for the critic.

4.1 Baseline Comparisons

We evaluate our method against several video-to-video translation frameworks.
Quantitative and qualitative results are in Table 1 and Figure 3. First, we com-
pare to Control-A-Video [3], VideoComposer [42], and ControlVideo [55].

They operate in an offline setting with multi-step diffusion and global atten-
tion over fixed-length sequences. In our experiments, they produce lower visual
quality and struggle to maintain long-range consistency (Figure 3). ControlVideo
achieves relatively strong reconstruction scores due to its hierarchical sampling
strategy over long sequences. However, this comes at the cost of high latency
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Table 4: Comparison of alternate consistency mechanisms. We compare sev-
eral strategies for extending temporal context beyond the default sliding window (Self-
Forcing, W=21): increasing the KV cache window size, retaining every N -th keyframe,
maintaining a global average-pooled KV cache, Attention Sinks, and FramePack.
While larger windows and keyframe retention provide modest reconstruction gains, our
correspondence-based retrieval achieves substantially better long-range consistency.

VACE-Bench DL3DV

Method LPIPS↓ DreamSim↓ CLIP-Sim↑ Quality↑ LPIPS↓ DreamSim↓ CLIP-Sim↑ Quality↑

KV cache (2×) 0.350 0.139 0.910 0.795 0.710 0.364 0.814 0.759
KV cache (3×) 0.308 0.120 0.920 0.793 0.770 0.496 0.744 0.752
KV cache (4×) 0.330 0.134 0.913 0.795 0.759 0.543 0.714 0.753
Keyframe (every 3rd) 0.329 0.115 0.923 0.790 0.607 0.257 0.857 0.776
Keyframe (every 5th) 0.350 0.128 0.914 0.789 0.581 0.240 0.857 0.776
Keyframe (every 10th) 0.373 0.134 0.912 0.789 0.523 0.190 0.880 0.777
Global avg. pool 0.450 0.176 0.891 0.753 0.457 0.145 0.909 0.772
Attention Sink 0.436 0.159 0.899 0.793 0.502 0.156 0.901 0.788
FramePack 0.304 0.095 0.938 0.775 0.344 0.105 0.932 0.802
Random retrieval 0.396 0.144 0.916 0.807 0.451 0.156 0.911 0.801
Correspondence (Ours) 0.240 0.066 0.955 0.828 0.305 0.058 0.952 0.821

Table 5: Importance of correspondence patches. We measure the effect of re-
moving the correspondence patches. Without correspondence, reconstruction metrics
degrade substantially while quality scores remain similar, demonstrating the effective-
ness of correspondence tokens for maintaining long term consistency.

VACE-Bench DL3DV

Method LPIPS↓ DreamSim↓ CLIP-Sim↑ Quality↑ LPIPS↓ DreamSim↓ CLIP-Sim↑ Quality↑

Ours w/o Corr. 0.379 0.160 0.910 0.829 0.437 0.124 0.921 0.822
Ours 0.240↓37% 0.066↓59% 0.955↑5% 0.828 0.305↓30% 0.058↓53% 0.952↑3% 0.821

(2518 seconds in our setting) and reduced perceptual quality, making it imprac-
tical for real-time video-to-video translation.

We next compare to newer, state-of-the-art video translation models, such as
VACE [14]. As discussed before, VACE is a bidirectional model which is limited
to a fixed-length, short video sequences. Unfortunately, there is no publicly avail-
able adaption of VACE to an unbounded-length, streaming use case. In order to
still apply VACE on our setting, we adapt it in two manners.

First, we directly evaluate VACE by applying it on non-overlapping video
segments. We find that this naive adaptation of VACE produces high-quality
results, but unsurprisingly has poor long-range consistency. For example, note
row 2 in Figure 3 where each individual frame is of high-quality, but objects
change their colors drastically over the length of the video.

Second, we adapt VACE to a streaming use-case with three recent causal,
autoregressive distillation methods: Self-Forcing [12], LongLive [46], and Rolling
Forcing [22]. These methods were originally designed for text-to-video genera-
tion and aren’t applied to video-to-video yet. Here, we implement and adapt the
three methods to video-to-video with VACE. We find that all methods achieve
competitive quality scores and substantially lower latency than the bidirectional
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Fig. 5: Effect of correspondence pointers on long-range consistency. Without
correspondence pointers, the model generates plausible but inconsistent frames. Object
appearance drifts over time. Consider the top example, the dog starts off having a yellow
snout, but it changes to blue when it re-appears. With correspondence pointers, the
model retrieves and reuses visual context from earlier frames, maintaining consistent
identity throughout the video. For example in the top video, the dog snout is yellow
at the beginning of the video. However it turns into a blue snout when reappearing if
correspondence is not used. However it stays consistently yellow with our method.

VACE baseline (Tables 1, 2). Nevertheless, these methods still perform poorly
on long-range consistency, where Self-Forcing and LongLive under-perform bidi-
rectional VACE and Rolling Forcing only slightly over-performs it.

Our main contribution, correspondence mechanism, can be readily applied
with any autoregressive method. In Table 1, 2 and Figure 3, we report results
of our best configuration, where our method is applied with Rolling Forcing.
Our models achieve the strongest long-range performance and visual quality
while maintaining real-time performance. In Table 3, we report the results of
our method when applied on top of all autoregressive methods. Adding our cor-
respondence mechanism consistently improves long-term consistency across all
autoregressive backbones while preserving visual quality. Table 3 results demon-
strate that our method is orthogonal to choice of autoregressive backbone. We
also compare different conditioning mechanisms in the supplement.
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4.2 Alternate Consistency Mechanisms

We compare our correspondence mechanism against alternative strategies for
extending temporal context beyond the default sliding window. Qualitative and
quantitative results are shown in Figure 4 and Table 4.

Larger KV Cache window. We increase the sliding window size from 21 latent
frames to 42 (×2), 63 (×3), and 84 (×4). On VACE-Benchmark, this yields
only marginal consistency improvements (LPIPS decreases from 0.35 to 0.33
and DreamSim from 0.139 to 0.134).

On VACE-Bench, increasing the KV cache size results is slight consistency
improvement (LPIPS decreases from 0.35 to 0.33 and DreamSim from 0.139 to
0.134). However, on DL3DV—where sequences are substantially longer, perfor-
mance degrades sharply in both quality and long-range consistency.

Keyframe retention. Next, instead of sliding window, we retain KV cache of every
N -th block (N=3, 5, 10), providing a sparse but more complete coverage of the
history. While this improves over simply enlarging the window, it remains worse
than correspondence-based retrieval in long-range reconstruction (Table 4).

Global Pooling. We maintain a single block of KV tokens as a running cumulative
average of all previous blocks, providing constant memory access to the entire
history. Although this improves long-range consistency on DL3DV degrades vi-
sual quality on both datasets (quality scores drop to 0.753 and 0.772).

Random Retrieval. To isolate the role of correspondence matching from the
cross-attention layers, we replace the similarity-based retrieval with uniform ran-
dom sampling from the memory bank. Each query patch receives k randomly
selected history patches instead of the top-k most similar, the history creation
process remains the same. This significantly degrades long-range reconstruction
performance, demonstrating that accurate correspondence matching is essential.

Attention Sink. Recent methods such as LongLive, MotionStream, and Rolling
Forcing retain initial frames as an attention sink to provide global context. How-
ever, this mechanism cannot capture novel content that appears later in the
sequence and is insufficient to prevent identity drift in long videos.

FramePack. FramePack [52] is applied to the task of video to video translation,
storing past blocks at geometrically decreasing spatial resolution. Recent blocks
maintain full resolution while older blocks are progressively downsampled. While
this retains the entire history, aggressive spatial compression reduces detail, lead-
ing to weaker long-range reconstruction.

Overall, correspondence-based retrieval outperforms all alternative mecha-
nisms for extending temporal context, achieving stronger long-range consistency
without sacrificing visual quality. Please see supplement for additional results.
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4.3 Analysis and Ablations

Please see supplement for additional ablation studies, analyses, and results with
other conditioning signals.

Importance of Correspondence. First, we show the importance of using corre-
spondence patches through an ablation where we remove the correspondences
and disable the correspondence cross-attention layer (Equation 4). As in Ta-
ble 5, without using correspondence the long context consistency gets signifi-
cantly worse. The LPIPS reconstruction improves by 37% and 40% on the two
datasets. DreamSim and CLIP similarity scores are also similarly effected. Fig-
ure 5 shows this qualitatively. The top row shows the generated video when the
correspondence is disabled. In this video, the dog starts with a yellow snout, but
as the video progresses and the dog re-enters the scene, the snout turns blue. In
contrast, our full method with correspondence is shown in the bottom row. Here
the dog retains the identity and re-enters the scene with the same yellow snout.

Sensitivity to different distillation methods. Next, we show that our method is
not specific to any single distillation method. We apply our method to three
different distillation methods: SelfForcing [12], LongLive [46], and RollingForc-
ing [22]. Add our correspondence method improves the consistency across each
of the base distillation methods as seen in Table 3.

5 Conclusion and Limitations

We introduce vid2vid-long, a correspondence-based memory mechanism for
long-range consistent video-to-video translation. By exploiting a structural prop-
erty of the task, matching regions in the input should match in the output, we
replace implicit long-range attention with explicit input-driven retrieval. Our
dynamic memory grows with visual novelty rather than length of the video,
enabling sub-linear scaling while preserving real-time performance. Across mul-
tiple autoregressive distillation backbones, our method consistently improves
long-range reconstruction and prevents identity drift without sacrificing visual
quality or latency. Compared to alternative context extension strategies, explicit
correspondence retrieval proves both more effective and more efficient.

Limitations. Our model struggles on fast videos with large motion, where reliable
cross-frame correspondences become harder to establish. It can also fail when
the text prompt is inconsistent with the input depth video, since the model must
reconcile conflicting semantic and structural conditioning signals.
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