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Text Description

 Make the fire talk !

Real-Time Streaming Infinite-Length Generalizability
even up to 10000+ seconds longSupport Block-wise AutoregressiveOur 14B model supports 20 FPS 

on 5 H800 with 4-step sampling.
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Fig. 1: We propose Live Avatar, a powerful real-time streaming model capable of in-
finitely long audio-driven avatar generation, producing lifelike avatars that talk, react,
and persist seamlessly over hours.

Abstract. Audio-driven avatar interaction demands real-time, stream-
ing, and infinite-length generation—capabilities fundamentally at odds
with the sequential denoising and long-horizon drift of current diffu-
sion models. We present Live Avatar, an algorithm-system co-designed
framework that addresses both challenges for a 14-billion-parameter dif-
fusion model. On the algorithm side, a two-stage pipeline distills a pre-
trained bidirectional model into a causal, few-step streaming one, while
a set of complementary long-horizon strategies eliminate identity drift
and visual artifacts, enabling stable autoregressive generation exceed-
ing 10,000 seconds. On the system side, Timestep-forcing Pipeline Par-
allelism (TPP) assigns each GPU a fixed denoising timestep, convert-
ing the sequential diffusion chain into an asynchronous spatial pipeline
that simultaneously boosts throughput and improves temporal consis-
tency. Live Avatar achieves 45 FPS with a TTFF of 1.21 s on 5 H800
GPUs, and to our knowledge is the first to enable practical real-time
streaming of a 14B diffusion model for infinite-length avatar genera-
tion. We further introduce GenBench, a standardized long-form bench-
mark, to facilitate reproducible evaluation. Our project page is at https:
//liveavatar.github.io/.
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Table 1: Comparison of state-of-the-art audio-driven avatar generation methods. Live
Avatar simultaneously achieves streaming, real-time, and infinite-length generation
with a large-scale (14B) diffusion model.

Method streaming real-time infinite-length scale

Hallo3 [6] ✗ ✗ ✗ 5B
StableAvatar [41] ✗ ✗ ✓ 1.3B
Wan-S2V [13] ✗ ✗ ✗ 14B
Ditto [23] ✓ ✓ ✓ 0.2B
InfiniteTalk [49] ✗ ✗ ✓ 14B
OmniAvatar [12] ✗ ✗ ✗ 14B

Live Avatar (Ours) ✓ ✓ ✓ 14B

1 Introduction

Audio-driven avatar generation, the synthesis of photorealistic human face video
whose motion is driven by an input audio stream, is a foundational technology for
interactive digital communication. Its applications are expansive, ranging from
virtual reality and live streaming to digital assistants. The demand for systems
capable of producing high-fidelity, expressive, and real-time avatars has driven
significant recent advancements, particularly with the rise of diffusion models
for high-fidelity video synthesis [2, 16, 43]. Despite their success in setting new
benchmarks for visual quality, deploying these powerful generative models in
real-time (≥ 24 FPS), streaming environments faces fundamental and conflicting
challenges.

The first challenge is the real-time–fidelity trade-off. Large-scale diffusion
models [13] yield superior visual quality but are inherently slow due to sequen-
tial multi-step denoising, while existing real-time approaches [23] sidestep this
sequential bottleneck entirely by adopting non-iterative generation methods or
very small models, at the cost of fidelity. Reconciling these two desiderata at
scale remains an open problem.

The second challenge is long-horizon consistency. Existing methods suffer
from compounding errors that cause identity drift and color artifacts within
minutes [41]. Recent progress such as Self-Forcing [18] mitigates the train–test
gap but still degrades rapidly under minute-level rollout; LongLive [50] sustains
longer generation via native long-duration training but is designed for text-to-
video and too costly to scale to 14B models.

To address these critical challenges, we propose Live Avatar, an algorithm-
system co-designed framework that enables large diffusion models (up to 14 bil-
lion parameters) for real-time, streaming, and infinite-length audio-driven avatar
generation without compromising visual fidelity.

For real-time streaming, we distill the model into a few-step causal one via
Self-Forcing and propose Timestep-forcing Pipeline Parallelism (TPP), which
pipelines denoising steps across GPUs to break the sequential sampling bottle-
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neck, together with system-level optimizations to achieve high throughput and
low latency at 14B scale.

For infinite-length stability, we first leverage the static-scene prior of avatar
interaction to anchor identity in a persistent sink frame and store only noisy rep-
resentations in the KV cache—the noise acts as a low-pass filter that suppresses
accumulated artifacts while preserving motion dynamics, and keeps the latent
distribution compact to prevent out-of-distribution drift. We further introduce
Adaptive Attention Sink and Rolling RoPE to eliminate residual distribution
and conditioning drift, together enabling stable infinite-length generation.

The core contributions of Live Avatar are as follows:

– Causal, Streamable Adaptation Framework. We propose a two-stage
framework that adapts a pretrained bidirectional diffusion model into a
causal, few-step streaming model, with a novel motion-frame-as-scaffold mech-
anism that bridges Stage 1 and Stage 2 by providing functionally analogous
training signals, yielding a 5× distillation convergence speedup.

– Long-Horizon Stability. We introduce three complementary strategies—
History Corrupt, Adaptive Attention Sink, and Rolling RoPE—that jointly
address error accumulation, distribution drift, and test-time conditioning
drift in long autoregressive generation, enabling high-fidelity streaming that
remains stable beyond 10,000 seconds.

– Timestep-forcing Pipeline Parallelism (TPP). We propose TPP, which
assigns each GPU a fixed denoising timestep, breaking the sequential sam-
pling bottleneck while naturally aligning each KV cache with its correspond-
ing noise level to reduce flickering. Combined with system-level optimiza-
tions, TPP achieves 45 FPS with a TTFF of 1.21 s on 5×H800 GPUs, to our
knowledge the first practical real-time streaming of a 14B diffusion model.

– Standardized Benchmark. We introduce GenBench (Short/Long), in-
cluding long-video test cases exceeding five minutes, and will release the
data and evaluation scripts in the camera-ready version.

2 Related Work

Streaming and Long Video Generation. Streaming and long video genera-
tion require efficient management of both computation and memory resources [7,
20, 25, 53]. Diffusion Forcing [3] introduces varied noise levels to sequential tar-
gets, enabling flexible-length streaming generation. Self-Forcing [18] addresses
train-inference mismatch by conditioning on previously generated frames, yet
still suffers from exposure bias and fails to produce minute-level long videos.
LongLive [50] applies sliding window distillation for streaming long video gen-
eration, but is natively designed for text-to-video and unsuitable for image-
conditioned tasks, and its training inefficiency prevents scaling to large-scale
models such as 14B-parameter architectures. While these approaches improve
video quality and temporal consistency, none achieve real-time, streaming long
video generation with large-scale diffusion models.
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Audio-driven Avatar Video Generation. Audio-driven avatar video genera-
tion requires subject consistency and effective motion control. Early works [34,55]
leverage GANs and 3D motion models for lip-syncing and facial animation. With
the success of diffusion models, several studies [40,54] adapt diffusion frameworks
and ReferenceNet architectures for avatar generation. DiT-based video genera-
tion models [2,16,21,43] have demonstrated remarkable visual quality, inspiring
a surge of DiT-based avatar methods [8, 15, 23, 26, 31, 45, 56, 58]. Meanwhile,
autoregressive approaches [1, 4, 22, 48] offer an alternative by combining autore-
gressive and diffusion strategies. However, none achieve real-time, streaming,
infinite-length avatar generation with large-scale diffusion models.
Diffusion Distillation. Diffusion model distillation accelerates video genera-
tion through various paradigms, including trajectory distillation [11], Consis-
tency Models [27, 37, 57], and Distribution Matching Distillation (DMD) [29,
30,52]. Among these, DMD has proven particularly effective for streaming video
generation: CausVid [53], Self-Forcing [7,18], and LongLive [50] all employ DMD-
based few-step distillation on temporally segmented long videos, achieving both
significant sampling speedup and improved long-video quality. Recent analy-
sis further suggests that DMD functions analogously to reinforcement learning,
with the pretrained diffusion model serving as a reward signal [28], potentially
explaining its effectiveness in streaming settings.

3 Preliminaries

3.1 Video Diffusion Models

Video diffusion models generate high-fidelity video sequences by progressively
denoising from a Gaussian prior xT ∼ N(0, I), following the reverse process of
a forward diffusion. In this work, we adopt the flow matching [24], where noisy
latents at time t are constructed as

xt = (1− st) · x0 + st · xT , (1)

where st ∈ [0, 1] is a scheduling function that controls the interpolation between
clean and noise. The model is trained to predict the target velocity

v = xT − x0 (2)

leading to the standard mean squared error objective:

L = Ex0,xT ,t

[
∥vθ(xt, t, c)− (xT − x0)∥22

]
(3)

where c denotes conditional inputs such as text embeddings.
To reduce computational cost, most modern video diffusion models operate

in a compressed latent space. We use a causal 3D VAE to encode input videos
into temporal-latent representations, ensuring that future frames do not leak
during training. Text conditioning is achieved through a pre-trained language
model that produces contextual embeddings fed into the diffusion backbone.
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3.2 Distribution Matching Distillation

Distribution Matching Distillation (DMD) [52] aims to distill a pre-trained teacher
diffusion model into a student model that operates with fewer sampling steps.
Let pθ,t(xt) denote the distribution induced by the few-step student model
x = Gθ(z), and let pdata,t(xt) represent the corresponding ground-truth dis-
tribution produced by the teacher diffusion model at time step t. The pri-
mary objective of DMD is to minimize the distribution, i.e., reverse Kullback–
Leibler (KL) divergence, between these two distributions at each time step t:
Et

[
DKL

(
pθ,t ∥ pdata,t

)]
. The gradient of DMD loss is given by:

∇θLDMD = −Et,z

[
(sreal(xt, t)− sfake,ϕ(xt, t))

⊤ ∂Gθ(z)

∂θ

]
(4)

where xt = Ψ(x̂, t) is the noise scheduler, x̂ = Gθ(z) is the data prediction of
the distilled model, sreal and sfake,ϕ denote the score functions corresponding to
the pre-trained teacher diffusion model and the student generator, respectively.

sreal, sfake,ϕ, and Gθ(z) are all initialized from the pre-trained teacher model
induced by vθ. The training proceeds by alternately updating sfake,ϕ and Gθ(z),
in which sfake,ϕ is trained on samples generated by the current student generator
Gθ(z), and Gθ(z) is trained using the DMD loss defined above. For multi-step
distillation, DMD first performs a multi-step sampling trajectory using the stu-
dent generator: z

Gθ−−→ x̂t1
Ψ−→ xt1

Gθ−−→ x̂t2
Ψ−→ xt2 −→ · · · −→ xtN . Then, at

each training iteration, a random intermediate state xti from this trajectory is
selected and used in place of pure noise z as the starting point for the DMD
training procedure [51].

4 The Live Avatar Framework

In this section, we present the technical details of Live Avatar. We first detail
the model architecture in Sec. 4.1, followed by the overall training framework
in Sec. 4.2 and Fig. 2. We then investigate long video generation in Sec. 4.3,
proposing three strategies to address visual quality degradation, identity drift,
and color artifacts in long-term generation. Finally, the inference framework and
Timestep-forcing Pipeline Parallelism are demonstrated in Sec. 4.4.

4.1 Model Architecture

In order to enable streaming video generation, the Live Avatar adopts autore-
gressive generation by factorizing the joint distribution

Bi
t−1 = Dθ(B

i
t, B

(i−w):(i−1)
t︸ ︷︷ ︸
kv cache

, I, ai, ti) (5)

combining diffusion-based frame synthesis with causal dependencies across chunks.
B in Eq. 5 are blocks of consecutive noisy frame latents. In our work, we set the
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(b) Stage2: Self-Forcing Distribution Matching Distillation

Block-wise Causal Mask

(a) Stage1: Diffusion Forcing Pretraining

Block-wise Noise Level

DiT Model
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Fig. 2: The Live Avatar Training Framework. (a) Stage 1 Diffusion Forcing Pretraining
with motion-frame scaffolding: noisy motion frames provide auxiliary temporal context
alongside block-wise independent noise and causal attention masks. (b) Stage 2 Self-
Forcing Distillation with History Corrupt: the motion frames are removed and replaced
by the rolling KV cache, where noise level consistency between the KV cache and the
noisy latents is enforced.

number of frame latents to 3. w is the rolling KV-cache window size. I denotes
the sink frame, which provides the appearance; ai and ti are the audio embed-
ding and prompt embedding for the i-th block respectively. The underscore t
denotes the denoising step, and the superscript i denotes the block index. Note
that in the model, the kv cache B

(i−w):(i−1)
t and the noisy block Bi

t share the
same noise level, this is a crucial design that improves generation quality and
maximize the inference speed, which will be illustrated in Sec. 4.4.

4.2 Model Training

Our overall training framework is illustrated in Figure 2, which consists of two
stages: 1) Stage 1, Diffusion Forcing Pretraining with motion-frame scaf-
folding, and 2) Stage 2, Self-Forcing Distribution Matching Distillation
with History Corrupt.
Stage 1: Diffusion Forcing Pretraining. Following prior practice [3, 53], we
apply block-wise independent noise scheduling and causal attention masks—
frames within a block share full attention while inter-block attention is strictly
causal—and train the model with the standard flow-matching loss. We addi-
tionally introduce motion frames [6] as auxiliary context, whose role is detailed
below.
Motion-Frame as Scaffold. Employing a naive two-stage training converges
slowly on long-horizon capabilities, yet each self-forcing rollout step is far more
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expensive than supervised training. Inspired by [14], we repurpose the motion
frames—context frames preceding the current clip, originally for clip continuation—
as scaffolding in Stage 1 by injecting noise into them. Since both noisy motion
frames and the Stage 2 noisy KV cache serve a functionally analogous role as tem-
poral context for continuing generation, this cheaply teaches dynamics–identity
decoupling without costly self-forcing rollouts. The motion frames are then en-
tirely replaced by the KV cache in Stage 2, yielding a 5× convergence speedup.
Stage 2: Self-Forcing Distillation. In Stage 2 we distill the bidirectional
teacher into a causal, few-step streaming model following Self-Forcing [18]. The
causal student denoises one block at a time while conditioning on a rolling KV
cache of previously generated blocks. Crucially, we omit the extra clean-cache
refresh forward pass used in prior work [18], so that the KV cache always contains
noisy representations—a strategy we call History Corrupt, whose motivation
is detailed in Sec. 4.3. During the denoising of each block, the model attends
to the KV cache from previous blocks at the same timestep; the noise-level
implications of this design are also discussed in Sec. 4.3.

4.3 Long Video Generation

Existing talking-avatar systems exhibit pronounced degradation over long, au-
toregressive generation—manifesting as identity drift, color shifts, and temporal
instability [41]. In practice, we perform inference in a rolling KV cache fash-
ion [18], which extends the temporal horizon but, on its own, does not prevent
collapse. We attribute these long-horizon failures to three internal phenomena:
(i) Test-time conditioning drift. The conditioning pattern at test time (e.g.,
the RoPE-relative positioning between the sink frame and current target blocks)
gradually diverges from the training-time setup, weakening identity cues.
(ii) Distribution drift. The distribution of generated frames progressively de-
viates from realistic video distributions, likely driven by persistent factors (e.g.,
a real-data sink frame whose distribution subtly differs from the model’s gener-
ation manifold) that continuously push the rolling generation toward unrealistic
outputs.
(iii) Error accumulation. Subtle imperfections in each generated block are
inherited and compounded frame-by-frame through the clean KV cache, as the
model attends to fine-grained details—including artifacts—from previous blocks.
This compounding causes rapid quality deterioration over time.

To address these challenges, we propose three complementary strategies—
History Corrupt, Adaptive Attention Sink, and Rolling RoPE—that together
enable stable infinite-length generation.
History Corrupt. For avatar interaction, the subject typically resides in a
relatively static scene: apart from facial expressions, body gestures, and mild
background dynamics, the visual content does not undergo rapid change. This
prior allows a simplifying design assumption—the sink frame can provide suf-
ficiently useful appearance and identity information for every generated frame
throughout the entire sequence. Under this assumption, the role of the rolling
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KV cache reduces to conveying motion dynamics alone, while fine-grained iden-
tity and appearance details should be sourced exclusively from the persistent
sink frame.

This motivates a simple yet effective design: we store only noisy represen-
tations in the KV cache, rather than the conventional clean cache. Intuitively,
Gaussian noise acts as a low-pass filter [36] on the cached representations, sup-
pressing high-frequency details (including accumulated artifacts) while preserv-
ing low-frequency motion structure. This forces the model to extract dynamic
cues from the noisy history while relying on the clean sink frame for identity
and appearance, achieving an effective dynamics–identity decoupling. As a re-
sult, generation errors in previous blocks are no longer faithfully propagated,
directly addressing error accumulation (iii).

Furthermore, noisy KV caches also mitigate distribution drift (ii). At higher
noise levels, the marginal distribution pt(xt) converges toward the Gaussian prior
and occupies a progressively more compact region of the latent space [38]. Conse-
quently, the noisy cache is far less likely to drift into out-of-distribution regions
compared to a clean cache, which must remain on the narrow data manifold
where small perturbations can compound into distributional shift.

We further observe empirically that enforcing the noisy block and its attended
KV cache to share the same noise level—a strategy we call timestep-forcing—
significantly reduces inter-frame flickering, consistent with observations in Talk-
ingMachines [26]. This timestep-forcing constraint also naturally lends itself to
efficient multi-GPU inference, as discussed in Sec. 4.4.

Adaptive Attention Sink (AAS)1. By default, the user-provided reference
image (i.e., the image-to-video conditioning input) serves as the sink frame.
However, this real-data image resides on a slightly different distribution from
the model’s own generation manifold, introducing a persistent bias that accu-
mulates into color, exposure, or style deviations over long runs. To counteract
this form of distribution drift (ii), AAS replaces the sink frame with the model’s
own first generated latent immediately after the first block is produced, and
uses it as the persistent sink for all subsequent conditioning. By keeping the
sink frame within the model’s learned generation manifold, AAS eliminates the
distributional mismatch between conditioning and generated content.

Rolling RoPE1. To mitigate test-time conditioning drift (i), we introduce a
dynamic position-alignment mechanism for the sink frame. The sink frame is
permanently cached in KV memory and its temporal offset is adjusted via a
controllable RoPE shift so that its relative position to the current noisy states
remains consistent with training. This dynamic RoPE alignment lets the model
continuously reference identity features from the sink frame without rigidly con-
straining local motion, thereby stabilizing long-range identity and structural
fidelity.

1 Details of AAS and Rolling RoPE are provided in the supplementary materials.
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Fig. 3: A visual illustration of Timestep-forcing Pipeline Parallelism (TPP). After
warm-up fills the pipeline, all GPUs denoise simultaneously in the fully pipelined
stage, turning the sequential diffusion chain into an asynchronous spatial pipeline. For
example, GPU2 always performs the t2 → t1 step: it reuses its local KV cache (very
fast) and sends only the latent to GPU3 (fast).

4.4 Timestep-forcing Pipeline Parallelism

Deploying large video generation models in real-time settings remains challeng-
ing due to the inherent sequential structure of diffusion-based sampling. Our
distilled 14B model, for example, reaches only 5 FPS on a single GPU and 6
FPS under conventional 4-GPU sequential parallelization. In contrast, existing
real-time streaming methods, such as CausVid [53] and LongLive [50], achieve
higher frame rates by substantially reducing model capacity—often relying on
lightweight 1.3B models and aggressive quantization—at the cost of generation
fidelity. This establishes a long-standing tradeoff between model quality and
real-time performance that has yet to be resolved.

To overcome the sequential bottleneck of diffusion sampling, we introduce
Timestep-forcing Pipeline Parallelism (TPP) (illustrated in Figure 3),
which assigns each GPU a fixed timestep ti and partitions the T denoising steps
across T devices. Each GPU repeatedly performs its designated transformation
ti → ti−1, converting the sequential diffusion chain into an asynchronous spa-
tial pipeline. Through this reparameterization, throughput is determined by a
single denoise forward rather than the sum of all diffusion steps, yielding an
ideal speedup proportional to the total number of denoising steps. Importantly,
TPP is both model-agnostic and hardware-agnostic: it applies to any causal dif-
fusion model—not only distilled ones—and only requires that each device can
execute a single denoising step with minimal inter-device bandwidth, since TPP
communicates only the compact latent between stages.

TPP operates in two stages. During warm-up, the first block is propagated
through all timesteps to fill the pipeline, which completes quickly given the small
number of sampling steps. Once filled, the system enters the fully pipelined
streaming phase: each GPU repeatedly performs its assigned denoising step,
passes the latent to the next device, and immediately processes the next block,
achieving maximal parallel throughput. Since TPP assigns one timestep per
GPU, the timestep-forcing strategy (Sec. 4.3) maps directly onto the pipeline:
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each GPUi maintains its own local rolling KV cache, requiring no inter-GPU
communication and thus remaining extremely fast and efficient. After finishing
its step, GPUi passes only the latent to GPUi+1, keeping the communication cost
negligible. To prevent pipeline bottlenecks, the VAE decoding stage is offloaded
to an additional dedicated GPU, which consumes the clean latent and outputs
synchronized video chunks.

5 Experiments

5.1 Experimental Settings

Implementation Details. The overall model architecture is borrowed from
WanS2V [13]. In Stage 1, we initialize from its weights and implement mo-
tion frames with the frozen FramePack encoder from WanS2V; each motion
frame is independently noised via the flow-matching forward process [24] with
t∼U [0, 1000]. In Stage 2, the motion-frame encoder is removed, the teacher score
and fake score branches are initialized from WanS2V, and the student is initial-
ized from Stage 1. All training and inference are performed at a fixed resolution
of 720×400 and 84 frames. Experiments are conducted on 128 NVIDIA H800
GPUs, with 25K steps for Stage 1 and 500 steps for Stage 2. The per-GPU batch
size is 1. To handle the high memory demand of Self-Forcing training, we adopt
FSDP with gradient accumulation to reduce memory consumption. The learning
rate is 1e-5 for the student and 2e-6 for the fake score. We group every 3 latents
into a block, set the KV-cache window size w=4 blocks (Eq. 5), and use a single
sink frame. We train models with a LoRA, whose rank and alpha are set to 128
and 64, respectively. At inference time, we apply a series of kernel-level opti-
mizations (collectively referred to as Kernel Opt. in Table 3): FP8 quantization,
FlashAttention-3, cuDNN fused kernels, torch.compile, LoRA weight merging,
and VAE feature caching which caches intermediate features to enable streaming
decoding. All reported metrics reflect this optimized configuration.
Datasets. We train on AVSpeech [10], a large-scale audio-visual dataset of
talking-head clips. We adopt the preprocessing of OmniAvatar [12] and keep
only clips longer than 10 s, yielding 400K training samples. To evaluate our
model’s out-of-domain (OOD) generalization, we created a synthetic bench-
mark named GenBench2. This test set was generated using Gemini-2.5 Pro,
Qwen-Image [46], and CosyVoice [9]. It is composed of two subsets: GenBench-
ShortVideo, comprising 100 test samples with an approximate duration of 10
seconds, and GenBench-LongVideo, which contains 15 test videos, each exceed-
ing 5 minutes in duration. The benchmark is designed to be challenging, featuring
a wide diversity of character styles (photorealistic humans, animated characters,
and anthropomorphic non-humans) and visual compositions, including frontal
and profile views, as well as half-body and full-body shots. This variety allows
for a robust assessment of the model’s performance on unseen data.
2 We will release GenBench and the full evaluation scripts in the camera-ready version

to facilitate standardized and reproducible long-form benchmarking.
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Table 2: Quantitative comparisons of our methods with state-of-the-art methods.

Dataset Model Metrics

ASE ↑ IQA ↑ Sync-C↑ Sync-D↓ Dino-S ↑ FPS ↑

GenBench-ShortVideo

Ditto [23] 3.31 4.24 4.09 10.76 0.99 21.80
Echomimic-V2 [32] 2.82 3.61 5.57 9.13 0.79 0.53
Hallo3 [6] 3.12 3.97 4.74 10.19 0.94 0.26
StableAvatar [41] 3.52 4.47 3.42 11.33 0.93 0.64
OmniAvatar [12] 3.53 4.49 6.77 8.22 0.95 0.16
WanS2V [13] 3.36 4.29 5.89 9.08 0.95 0.25
Ours 3.44 4.51 7.03 8.30 0.96 45.2

GenBench-LongVideo

Ditto [23] 2.90 4.48 3.98 10.57 0.97 21.80
Hallo3 [6] 2.65 4.04 6.18 9.29 0.83 0.26
StableAvatar [41] 3.00 4.66 1.97 13.57 0.94 0.64
OmniAvatar [12] 2.36 2.86 8.00 7.59 0.66 0.16
WanS2V [13] 2.63 3.99 6.04 9.12 0.80 0.25
Ours 3.42 4.76 7.16 8.31 0.97 45.2

Evaluation Metrics. We employ Q-Align [47] to evaluate perceptual quality
(IQA) and aesthetic appeal (ASE). Audio-visual synchronization is measured via
Sync-C and Sync-D [5]. Identity consistency is assessed by DINOv2 [33] cosine
similarity (Dino-S) between generated frames and the reference image. For the in-
domain AVSpeech evaluation (reported in the supplementary), we additionally
include FID [17] and FVD [42] since ground-truth videos are available.

5.2 Comparison with Existing Methods

We compare Live Avatar against current state-of-the-art open-sourced audio-
driven avatar generation approaches, including Ditto [23], Echomimic-V2 [32],
Hallo3 [6], Stable-Avatar [41], OmniAvatar [12], and WanS2V [13]. All meth-
ods are benchmarked at 720×400 on a single H800 node, with sequence-parallel
methods using their maximum supported parallelism and all other settings kept
at official defaults. Quantitative results on GenBench are presented in Table 2.

GenBench-ShortVideo. On short-form evaluation, our method achieves
the best IQA and competitive ASE with OmniAvatar and Stable-Avatar, out-
performing the rest. Although we build upon WanS2V and use step distillation,
we surpass the teacher on visual quality; this aligns with the tendency of DMD-
distilled models to concentrate the output distribution and attain slightly higher
perceptual scores [39], and the DMD loss has been interpreted as a specialized
reinforcement learning objective that effectively optimizes both aesthetic appeal
and foundational visual fidelity [28, 30]. On Dino-S we obtain 0.96; Ditto’s 0.99
is expected as it is a face-editing model that retains the reference face more than
a full video-generation pipeline. Audio-visual synchronization is comparable to
OmniAvatar (Sync-C and Sync-D are both strong for both methods). The most
pronounced gap is inference speed: we reach 45.2 FPS. Ditto is the only other
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Fig. 4: Qualitative comparisons with state-of-the-art methods.

method with near real-time throughput (21.8 FPS); we use roughly 70× its pa-
rameters yet reach 45.2 FPS, which underscores the effectiveness of DMD, TPP,
and our kernel-level optimizations.

GenBench-LongVideo. Long-duration generation reveals a clear separa-
tion among methods. Echomimic-V2 is excluded as it does not support long-video
inference. Comparing Short to Long results in Table 2, most generative baselines
degrade noticeably: OmniAvatar drops from 3.53/4.49 to 2.36/2.86 (ASE/IQA),
WanS2V from 3.36/4.29 to 2.63/3.99, and Hallo3 from 3.12/3.97 to 2.65/4.04.
Ditto, as a face-editing model, maintains relatively stable quality but lags in
audio-visual synchronization (Sync-C 3.98). Our method, by contrast, preserves
near-identical quality across durations (ASE 3.44→3.42, IQA 4.51→4.76, Dino-
S 0.96→0.97). OmniAvatar achieves the highest Sync-C/Sync-D on Long, but
its severe visual collapse (Dino-S 0.66) suggests that loss of identity constraints
artificially inflates sync scores. We achieve competitive synchronization (Sync-C
7.16) while maintaining the best overall visual and identity quality, yielding a
more balanced profile across all metrics. Figure 4 corroborates this: most base-
lines, especially OmniAvatar and WanS2V, exhibit visible quality degradation
over time, whereas ours maintains stable fidelity throughout.

Table 3: Ablation on Inference Efficiency.
SP4: sequence parallelism across 4 GPUs.

DMD SP4 TPP VAE Para. Kern. Opt. #GPU NFE FPS↑ TTFF↓

✗ ✗ ✗ ✗ ✗ 1 80 0.29 45.50
✓ ✗ ✗ ✗ ✗ 1 5 3.66 4.56
✓ ✓ ✗ ✗ ✗ 4 5 4.50 3.94
✓ ✗ ✓ ✗ ✗ 4 4 10.16 4.73
✓ ✗ ✓ ✓ ✗ 5 4 20.88 2.89

✓ ✗ ✓ ✓ ✓ 5 4 45.2 1.21

Table 4: Ablation on Long Video Gen-
eration (GenBench-LongVideo).

Methods Metrics

ASE↑ IQA↑ Sync-C↑ Dino-S↑

w/o AAS 3.13 4.68 7.25 0.96
w/o Rolling RoPE 3.38 4.82 7.29 0.86
w/o History Corrupt 2.90 3.88 7.14 0.81
Ours 3.42 4.76 7.16 0.97
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5.3 Ablation Study

Study of inference efficiency. Table 3 incrementally enables each component.
DMD removes CFG and cuts NFE from 80 to 5 (4 denoising steps + 1 clean-cache
pass needed by Self-Forcing [53]). SP4 provides only marginal speedup since per-
block sequences are short (3 latents). TPP more than doubles throughput by
pipelining steps across GPUs and eliminating the clean-cache pass (NFE 5→4).
VAE parallelization and kernel-level optimizations yield further gains, bringing
the full system to 45.2 FPS / 1.21 s TTFF on 5 H800 GPUs.

Study on long-horizon stability strategies. As shown in Table 4 and
Figure 5, each component targets a distinct failure mode. Removing History Cor-
rupt causes the most severe degradation (ASE/IQA drop to 2.90/3.88, Dino-S
to 0.81). Without AAS, progressive color desaturation emerges, with noticeably
grayed-out frames (ASE drops to 3.13; Figure 5). Removing Rolling RoPE trig-
gers identity drift (Dino-S 0.97→0.86), with visible changes in hair details and
facial features (Figure 5).

Study on denoising step count. As shown in Table 5, increasing steps
from 2 to 4 brings modest visual gains but markedly improves audio-visual syn-
chronization (Sync-C 6.41→7.03), since fewer steps leave insufficient budget for
early, motion-critical denoising stages. Thanks to TPP, FPS stays at 45.2 regard-
less of step count; only TTFF grows (0.68 s→1.21 s), which remains practical for
interactive streaming where end-to-end latency is dominated by network trans-
port. We therefore default to 4 steps.

Table 5: Effect of denoising step count on GenBench-ShortVideo. TPP keeps FPS
constant regardless of step count; TTFF scales with the number of steps.

Method ASE ↑ IQA ↑ Sync-C ↑ Sync-D ↓ Dino-S ↑ TTFF (s) ↓ FPS ↑

Ours (2 steps) 3.37 4.25 6.41 9.02 0.94 0.68 45.2
Ours (3 steps) 3.41 4.36 6.58 8.85 0.95 0.95 45.2
Ours (4 steps) 3.44 4.51 7.03 8.30 0.96 1.21 45.2

Study on noise level of KV cache. Table 6 compares three KV-cache
noise schedules on GenBench-Long: clean-KV-cache, fix-noisy-KV-cache (noise
fixed at t=557), and our timestep-forcing. Both baselines follow standard Self-
Forcing inference [53]. We additionally report T.Flicker [19], which measures
temporal consistency. Clean-KV-cache degrades rapidly over long horizons due
to error accumulation. Fixed noise improves quality by decoupling identity and
motion dynamics in the cache [36], but both baselines suffer from severe flickering
(T.Flicker 0.876/0.891). Only timestep-forcing resolves this (T.Flicker 0.971)
by maintaining step-matched caches. Furthermore, timestep-forcing is the only
schedule compatible with TPP.
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Table 6: Effect of KV-cache noise-level scheduling on GenBench-Long.

Setting Metrics

ASE ↑ IQA ↑ Sync-C ↑ Sync-D ↓ Dino-S ↑ T.Flicker↑

clean-kv-cache 3.05 4.44 6.11 9.10 0.90 0.876
fix-noisy-kv-cache 3.34 4.63 7.00 8.38 0.93 0.891
timestep-forcing 3.42 4.76 7.16 8.31 0.97 0.971

Reference Image Reference ImageOurs Oursw.o. RollingRope w.o. RollingRopew.o. AAS w.o. AASw.o. History 
Corrupt

w.o. History 
Corrupt

Fig. 5: Visual ablation of long-horizon stability components on long video generation.

Study on motion-frame scaffold-
ing. Starting from the same 25K-step
Stage 1 with all other hyperparameters
aligned, we compare Stage 2 conver-
gence with and without motion-frame
scaffolding (Figure 6). The scaffolded
variant saturates at ∼500 steps, while
the baseline requires ∼2500 steps—a
5× speedup with no loss in final qual-
ity. Fig. 6: Study of motion-frame scaffolding.

6 Conclusion

We present Live Avatar, an algorithm-system co-designed framework that,
to our knowledge, is the first to enable practical real-time streaming of a 14-
billion-parameter diffusion model for infinite-length audio-driven avatar gener-
ation. On the algorithm side, a two-stage training pipeline adapts a pretrained
bidirectional model into a causal, few-step streaming one. Three complementary
long-horizon strategies—History Corrupt, Adaptive Attention Sink, and Rolling
RoPE—enable stable generation beyond 10,000 seconds3. On the system side,
Timestep-forcing Pipeline Parallelism (TPP) assigns each GPU a fixed denoising
timestep, converting the sequential diffusion chain into an asynchronous spatial
pipeline that achieves 45 FPS with a TTFF of 1.21 s on 5 H800 GPUs. We also

3 We provide experimental results on 10,000-second generation in the supplementary
material.
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introduce GenBench, a long-form benchmark exceeding five minutes, to support
reproducible evaluation.
Limitation. Our long-horizon stability strategies are grounded in the static-
scene prior inherent to avatar interaction, where the subject and background
remain largely unchanged; as native long-duration training becomes feasible,
such priors may become unnecessary. Additionally, the current TTFF of 1.21 s,
combined with network transport overhead, yields an end-to-end latency of ap-
proximately 3 s, which does not yet meet the stringent requirements of bidirec-
tional real-time interaction.
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A Overview of Supplementary Material

This supplementary document provides comprehensive details, additional exper-
iments, and implementation specifics to support the findings in the main paper.
The content is organized as follows:

– Section C: Additional Experimental Results. We evaluate our model’s
long-horizon autoregressive extrapolation up to 10,000 s (Table 7, Figure 7),
provide additional comparison against state-of-the-art on the AV-Speech test
set (Table 8), present a user study (Table 9, Figure 8), and ablate the effect
of block size (Table 10).

– Section D: Additional Evaluation Details. We detail the hardware and
inference configurations and runtime metric definitions used in our bench-
marking.

– Section E: Kernel-Level Optimizations. We describe the kernel-level op-
timizations (referred to as Kernel Opt. in the efficiency ablation of the main
paper) that enable real-time streaming inference, including FP8 quantiza-
tion, FlashAttention-3, cuDNN fused attention, torch.compile, LoRA weight
merging, streaming VAE decoding, and model offloading.

– Section F: Algorithm Details. We provide complete pseudocode (Al-
gorithm 1, 2, 3, and 4) for our methods, including the History Corrupt
and Block-wise Gradient Accumulation training strategies. We also pro-
vide detailed implementation descriptions and inference procedures for AAS
and Rolling RoPE, as well as TPP. We further include visualizations (Fig-
ures 9, 10, and 11) to illustrate the mechanisms of different inference settings.

– Section G: Additional Visual Results. We showcase further qualitative
examples to demonstrate the temporal consistency and visual fidelity of our
method.

– Section H: Ethical Consideration. We discuss the potential societal im-
pacts, privacy concerns, and responsible usage guidelines for our audio-driven
avatar generation framework.

B LLM Usage Statement

We use LLMs (e.g., Gemini-2.5 and GPT-5) to polish our paragraphs.

C Additional Experimental Results

C.1 Extending Autoregressive Generation to 10,000 Seconds

To rigorously evaluate the long-horizon autoregressive capability of our model,
we construct a stress test far exceeding the temporal range seen during training.
Although the model is trained exclusively on 5-second clips—and its RoPE po-
sitions during training are randomly shifted only within a short-range window
of a few minutes—we extend inference to an extreme 10,000-second horizon.
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Each audio input in GenBench-LongVideo (≈ 7 minutes per sample) is looped
to fill the full 10,000-second duration, ensuring continuous and valid audio con-
ditioning throughout the sequence while avoiding silence gaps. The model then
performs fully autoregressive, block-wise generation following Self-Forcing [18],
relying entirely on accumulated KV caches and our long-horizon stability strate-
gies (History Corrupt, AAS, and Rolling RoPE) throughout the 10,000-second
rollout.

This setup intentionally exposes the model to RoPE indices over two orders
of magnitude larger than those encountered in training (10k seconds corresponds
to RoPE positions around 40k), a regime where existing methods typically suf-
fer severe attention degradation, ID drift, or visual collapse. Self-Forcing++ [7]
demonstrates video generation of roughly 4 minutes, representing the longest
horizon reported in prior work. In contrast, our model shows no observable qual-
ity decay or identity instability over the entire 10,000-second sequence. As shown
in Table 7, perceptual quality (ASE, IQA), audio–visual synchronization (Sync-
C), and semantic consistency (Dino-S) remain nearly unchanged across segments
sampled at 0–10 s, 100–110 s, 1000–1010 s, and 10000–10010 s. Figure 7 provides
a representative case, demonstrating consistent identity and visual fidelity even
at the 10k-second horizon.

Together, these results indicate that our long-video generation strategies—
History Corrupt, Adaptive Attention Sink (AAS), and Rolling RoPE—allow
the model to stably extrapolate far beyond its training regime, achieving an
unprecedented 10,000-second autoregressive rollout without quality degradation.

Table 7: Evaluation of long-horizon temporal extrapolation at different time segments.

Methods Metrics

ASE ↑ IQA ↑ Sync-C↑ Dino-S ↑

0-10s 3.41 4.77 7.10 0.97
100-110s 3.43 4.75 7.22 0.96
1000-1010s 3.40 4.73 6.98 0.96
10000-10010s 3.42 4.76 7.14 0.96

C.2 Additional Comparison with Existing Methods

Although we have already provided comprehensive comparisons on GenBench
in the main paper, we further evaluate the robustness of our method within its
training domain, AV-Speech. Specifically, we hold out 5% of the original training
videos and randomly sample 50 clips (5–10 seconds each) from this subset as
an unseen test set. We report the same metrics used in the main evaluation;
additionally, since ground-truth videos are available for this test set, we include
FID and FVD to assess distribution alignment more thoroughly. The results are
presented in Table 8.
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Fig. 7: Visualization of the generated video at 10 s, 100 s, 1000 s, and 10000 s, demon-
strating the model’s strong capability in long-horizon temporal extrapolation.

The results in Table 8 show that our method achieves competitive or supe-
rior performance across most metrics on the in-domain AV-Speech evaluation.
Notably, OmniAvatar is also trained on AV-Speech and therefore serves as a
strong in-domain baseline, yet our method remains competitive under this set-
ting. Together with the results reported on multiple public benchmarks in the
main paper, this additional experiment verifies that our approach performs reli-
ably within its training domain and alleviates potential concerns about relying
solely on benchmark-specific evaluations.

C.3 User Study

Prior work such as THEval [35] has shown that popular metrics for talking-
avatar evaluation (e.g., Sync-C) often diverge from human perception, as mod-
els can exploit them by exaggerating lip motion. To bridge this gap, we con-
duct a double-blind user study with 20 participants, who rate generated videos
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Table 8: Quantitative comparisons on the in-domain AV-Speech test set.

Dataset Model Metrics

FID↓ FVD↓ ASE ↑ IQA ↑ Sync-C↑ Sync-D↓ Dino-S ↑ FPS ↑

AV-Speech

Ditto [23] 46.27 660.01 2.21 3.75 4.84 9.05 0.99 21.80
Echomimic-V2 [32] 176.74 2059.81 1.88 3.29 4.07 9.38 0.78 0.53

Hallo3 [6] 138.40 1412.93 1.87 3.35 4.50 9.99 0.93 0.26
StableAvatar [41] 98.32 730.12 2.14 3.55 5.72 9.01 0.93 0.64
OmniAvatar [12] 50.42 570.32 2.16 3.68 6.04 8.37 0.95 0.16

WanS2V [13] 73.68 642.48 2.20 3.71 4.90 9.02 0.95 0.25
Ours 48.91 502.37 2.30 3.88 6.21 8.31 0.95 45.2

from all methods on three perceptual dimensions: Naturalness, Synchroniza-
tion, and Consistency. Here, Synchronization refers to the holistic audiovisual
coherence [44]—including facial expressions, gestures, and posture transitions—
rather than the frame-level lip alignment measured by Sync-C. The final scores
are averaged across participants and normalized to a 0–100 scale for compari-
son. As summarized in Table 9, our method attains the highest Synchronization
and Consistency scores. WanS2V achieves the best Naturalness, likely because
its non-distilled diffusion backbone preserves smoother motion dynamics; we
observe that our distilled model introduces slightly accelerated motion tempo,
which marginally affects perceived naturalness but does not compromise syn-
chronization or identity consistency. Figure 8 provides representative qualitative
examples. OmniAvatar, despite achieving strong objective metrics, produces ex-
aggerated motions that compromise identity preservation over time, leading to
lower Naturalness ratings from human evaluators. EchoMimic V2, which relies
on fixed hand-landmark templates, tends to ignore the body pose present in the
reference image and instead generates a fixed default posture, causing severe
visual distortion when the input depicts non-standard poses.

Table 9: User study results on perceptual evaluation (higher is better). Each score
denotes the mean normalized user rating.

Model Naturalness ↑ Synchronization ↑ Consistency ↑

Ditto [23] 78.2 40.5 90.2
EchoMimic-V2 [32] 60.3 71.1 38.7
Hallo3 [6] 78.5 69.2 89.3
StableAvatar [41] 68.7 70.8 88.9
OmniAvatar [12] 71.1 78.5 90.8
WanS2V [13] 84.3 85.2 92.0
Ours 80.1 86.0 93.2
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Fig. 8: Qualitative examples from the user study. OmniAvatar exhibits exaggerated
motion with degraded identity fidelity, while EchoMimic V2 ignores the reference pose
and produces a fixed body template, leading to visible distortion.

C.4 Effect of Block Size

Table 10: Effect of block size (number of latent frames per block) on GenBench-
ShortVideo. All variants are trained end-to-end (Stage 1 + Stage 2) with identical
hyperparameters.

Block Size ASE ↑ IQA ↑ Sync-C ↑ Sync-D ↓ Dino-S ↑ TTFF (s) ↓

1 latent 3.30 4.35 4.12 10.41 0.96 0.40
2 latents 3.36 4.41 5.38 9.52 0.96 0.67
3 latents 3.44 4.49 7.03 8.30 0.96 0.94
4 latents 3.43 4.51 6.98 8.26 0.96 1.21

We ablate the number of latent frames per block while keeping all other
training and inference hyperparameters fixed. As shown in Table 10, reducing
the block size to 1 or 2 latents leads to a pronounced drop in audio–visual syn-
chronization (Sync-C drops from 7.03 to 4.12 and 5.38, respectively), while visual
quality metrics (ASE, IQA) degrade more mildly and identity consistency (Dino-
S) remains essentially unchanged. Qualitatively, we observe that smaller block
sizes produce videos with severely diminished motion dynamics—the generated
avatar exhibits near-static facial expressions and minimal gesture variation—
consistent with findings in CausVid [53], where single-frame autoregressive gen-
eration suffers from limited temporal expressiveness. Increasing the block size to
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4 yields performance on par with 3—block size 4 slightly edges ahead on IQA
and Sync-D, while block size 3 is marginally better on ASE and Sync-C—but
incurs a noticeably higher TTFF (1.21 s vs. 0.94 s). We therefore adopt a block
size of 3 as the default, which provides the best trade-off between generation
quality and interactive latency.

D Additional Evaluation Details

Inference Configuration. All methods are evaluated on a single H800 node
under identical hardware conditions. To ensure fair comparison, we utilize multi-
GPU parallel inference for all methods where the official open-source code pro-
vides appropriate scripts. For methods that lack support for parallel acceleration,
specifically EchoMimic V2 and Ditto, inference is conducted on a single H800
GPU. Regarding resolution, we use a fixed resolution of 720 × 400 for all mod-
els except Hallo3, which does not support arbitrary aspect ratios or resolutions.
For Hallo3, we crop both the input and the ground-truth frames to 512 × 512.
Furthermore, EchoMimic V2 is excluded from the long-video comparative exper-
iments, as its reliance on per-frame skeleton templates prevents it from effectively
performing long-duration inference.

Runtime Metrics. For runtime evaluation, we report two key efficiency
metrics. FPS (Frames Per Second) is measured from the moment the infer-
ence pipeline is initialized and includes the full end-to-end cost: the diffusion
model’s denoising time, VAE decoding time, and any additional CPU-side pro-
cessing. Time-to-First-Frame (TTFF) accounts for the total latency from
audio signal arrival to visual output, calculated as the sum of (i) the random
arrival latency—the waiting time between the arrival of an audio interaction sig-
nal and the next frame boundary—followed by (ii) the full denoising latency of
the first frame and (iii) its VAE decoding cost. Note that random arrival latency
depends on the output frame rate, and thus TTFF is inherently coupled with
the FPS of the method. All FPS measurements for all methods are evaluated
on the GenBench-LongVideo benchmark, where long-sequence testing provides
more stable and accurate runtime estimation.

E Kernel-Level Optimizations

This section details the kernel-level optimizations referred to as Kernel Opt. in
the efficiency ablation study of the main paper (Sec. 4.2). To enable real-time
streaming inference with a 14B-parameter diffusion transformer, we apply a set
of optimizations spanning quantization, attention kernels, graph compilation,
weight merging, and VAE decoding.

FP8 Quantization. All linear projections in the DiT are quantized to FP8
(E4M3) with per-tensor dynamic scaling. Embedding layers, the output head,
and the audio encoder’s final projection are kept in FP16 to preserve numerical
stability. This reduces per-GPU VRAM from ∼80 GB to under 48GB, enabling
deployment on single 48 GB GPUs. To verify that FP8 quantization does not
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degrade generation quality, we compare the quantized model against its FP16
counterpart on both GenBench subsets (Table 11). Disabling FP8 yields only
marginal quality differences—IQA improves slightly while other metrics remain
virtually unchanged—yet throughput drops from 45.2 to 36.0 FPS. We therefore
adopt FP8 as the default, and all metrics reported in the main paper use this
configuration.

Table 11: Effect of FP8 quantization on generation quality and throughput.

Dataset Setting ASE↑ IQA↑ Sync-C↑ Sync-D↓ Dino-S↑ FPS↑

GenBench-Short w/o FP8 (FP16) 3.45 4.55 7.02 8.28 0.96 36.0
Ours (FP8) 3.44 4.51 7.03 8.30 0.96 45.2

GenBench-Long w/o FP8 (FP16) 3.42 4.79 7.16 8.30 0.97 36.0
Ours (FP8) 3.42 4.76 7.16 8.31 0.97 45.2

FlashAttention-3 and cuDNN Fused Attention. We adopt a tiered at-
tention dispatch strategy. On Hopper-class GPUs, FlashAttention-3 with variable-
length sequence support serves as the primary kernel, efficiently handling the
concatenation of cached KV entries and current tokens in streaming inference.
FlashAttention-2 is used as a fallback on older architectures. Where applicable,
we further dispatch to a fused cuDNN scaled dot-product kernel that computes
the entire QKV attention in a single pass, avoiding materialization of the full
attention matrix.

Graph Compilation. We apply PyTorch’s ahead-of-time graph compilation
to the DiT forward pass, RoPE computation, and streaming VAE decoding. This
enables automatic operator fusion (e.g., fusing RoPE element-wise operations,
layer-norm with subsequent linear projections) and kernel auto-tuning across the
denoising loop.

LoRA Weight Merging. LoRA adapters trained during distillation are
permanently merged into the base model weights before inference, eliminating
the runtime overhead of maintaining and computing through separate low-rank
branches.

Streaming VAE Feature Caching. We implement a causal VAE de-
coder that processes latents frame-by-frame while maintaining a temporal feature
cache: each causal convolution layer retains the activations of the most recent 2
frames, which are prepended as causal context when decoding the next frame,
enabling incremental decoding without re-computation. In the multi-GPU TPP
configuration, a dedicated GPU runs the streaming VAE in parallel with the
DiT—decoded blocks are sent via point-to-point communication as soon as they
are produced, effectively hiding VAE latency behind DiT compute.

Model Offloading. For single-GPU deployment, the text encoder, audio
encoder, and VAE are offloaded to CPU after their respective encoding phases,
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freeing VRAM for the DiT denoising loop. KV caches can optionally be offloaded
to CPU between clips to further reduce peak memory.

Together, these optimizations yield ∼2.5× peak and ∼3× average FPS im-
provement over the unoptimized baseline, achieving stable 45+ FPS real-time
streaming on 5×H800 with 4-step sampling. On a more cost-effective 5×H20 con-
figuration, the system still delivers 18 FPS end-to-end with a TTFF of 3.12 s,
demonstrating practical deployability beyond high-end datacenter hardware.

F Algorithm Details

We provide detailed pseudocode for completeness and reproducibility.
Training. Our two-stage training framework is described as follows. In Stage 1

(Diffusion Forcing Pretraining), we apply block-wise independent noise schedul-
ing and causal attention, with motion frames serving as scaffolding to bootstrap
long-horizon temporal modeling (see main text Sec. 3.2). In Stage 2 (Self-Forcing
Distillation), the motion frames are removed and replaced by the rolling KV
cache. As shown in Algorithm 1, the self-forcing DMD training follows [18] but
removes the additional forward pass used to refresh the KV cache after denoising.
This ensures that the model is consistently trained with noisy KV states, align-
ing the training process with the actual autoregressive inference and improving
robustness to error accumulation—a strategy we call History Corrupt. Due to
the substantial memory footprint of DMD training, we additionally implement a
lightweight memory-reduction strategy using block-wise gradient accumula-
tion (Algorithm 2), which partitions the backward graph by blocks and accumu-
lates the resulting gradients across multiple steps, preserving training behavior
while significantly reducing peak memory usage and enabling even single-node
H800 training.

Inference. The single-GPU inference procedure is provided in Algorithm 3.
It builds upon the rolling-KV-cache inference algorithm from [18] with the ad-
dition of AAS and Rolling RoPE. Below we detail the concrete implementation
of these two mechanisms.

Adaptive Attention Sink (AAS). As described in the main text, the
user-provided reference image initially serves as the sink frame. To eliminate the
distributional mismatch between real conditioning and model-generated content,
AAS replaces the sink frame with the model’s own first generated latent (i.e., the
denoised output of the first block) immediately after the first block is produced.
Crucially, this replacement operates entirely in latent space—no additional VAE
encoding or decoding is required—keeping the sink frame on the model’s genera-
tion manifold with negligible overhead. The updated sink frame then persists as
the sole identity anchor for all subsequent blocks (see Algorithm 3, line 16–17;
Algorithm 4, line 13–14 and 18–19).

Rolling RoPE. During standard autoregressive rollout, the sink frame’s
RoPE index remains fixed at position 0 while the generated blocks’ indices grow
monotonically (e.g., 1, 2, 3, . . . ). As generation progresses, the relative posi-
tional distance between the sink frame and the current block becomes arbitrar-
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Fig. 9: Illustration of different inference settings. Horizontally, each row follows the
spatial denoising order from low to high SNR; vertically, each column shows the au-
toregressive rollout over frames. Each small rectangle denotes the latent of a block,
and the number inside represents its block index. Solid arrows indicate direct sink
frame passing, whereas dashed arrows indicate KV-cache passing. Red marks indi-
cate the components modified relative to the baseline. (a) Baseline with a fixed sink
frame and standard rolling-kv-cache. (b) AAS with the sink replaced by the first gener-
ated latent. (c) Timestep-forcing with each noisy latent attending only to KV caches
of the same timestep. (d) Ours with both AAS and timestep-forcing.

ily large—far exceeding positions seen during training—causing attention to the
sink frame to degrade. Rolling RoPE addresses this by dynamically reassigning
the sink frame’s RoPE index at every block step: specifically, the sink frame’s
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Fig. 10: Visualization of the proposed Rolling-RoPE mechanism. Horizontally, each
row follows the spatial denoising order from low to high SNR; vertically, each column
shows the autoregressive rollout over frames. Each small rectangle denotes the latent
of a block, and the number inside represents its block index and its RoPE index, re-
spectively. Red marks indicate the components modified relative to the baseline. Solid
arrows denote sink-frame passing, sparse dashed arrows denote standard KV-cache
passing, and dense dashed arrows indicate RoPE updates, where each block is re-
assigned updated positional embeddings. Rolling-RoPE dynamically increases the
RoPE index of the sink frame throughout AR rollout, keeping the sink frame’s RoPE
index slightly larger than that of the current noisy block, ensuring a stable and appro-
priate relative positional distance throughout AR rollout.

index is set to be slightly ahead of the current noisy block’s index (within the
training-time offset range), ensuring that the relative positional distance remains
bounded and consistent with training throughout the entire rollout. This update
is applied to the sink frame’s cached KV entries by recomputing RoPE embed-
dings in place, denoted as Φ(Sink) in Algorithms 3 and 4. Figure 10 illustrates
the RoPE update performed during autoregressive generation, where the sink
frame is continuously re-assigned with updated positional embeddings.

The multi-GPU TPP inference is detailed in Algorithm 4, which outlines the
parallel execution procedure with minimal computation overlap and communi-
cation overhead. Figure 11 further visualizes the computation and waiting time
of each GPU. After the initial warmup (including a second warmup required for
AAS), the majority of each GPU’s time is devoted to DiT computation (red),
demonstrating high utilization and stable frame rates.
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Fig. 11: Multi-GPU Parallel Inference Timeline. This chart visualizes the computation
and waiting periods for each GPU. The two distinct white gaps on the left represent
the initial warmup phase (including the secondary warmup for AAS). Following these,
the majority of the processing time is dedicated to DiT computation (shown in red),
reflecting high utilization and stable frame rates. Sporadic white gaps (idle time)
appearing thereafter are present due to rate fluctuations, but their rarity ensures a
negligible impact on performance.

G Additional Visual Results

We provide additional qualitative examples to further illustrate the model’s long-
horizon generation capability. As shown in Figure 7, our method maintains stable
identity, consistent lip movements, and coherent visual appearance when extrap-
olating videos far beyond the training horizon. For three different subjects, the
generated frames at 10 s, 100 s, 1000 s, and 10000 s remain visually aligned with
the reference image and follow the audio-driven motion patterns without ex-
hibiting temporal drift or degradation. These results highlight the robustness of
our approach in producing coherent long-duration talking-face videos.

H Ethical Consideration

Our work focuses on enabling real-time and long-horizon audio-driven avatar
generation, which naturally raises concerns related to privacy, consent, and po-
tential misuse. All identity data used in training and evaluation is collected with
permission, and our method does not store or reconstruct unauthorized identi-
ties. While high-fidelity avatars may be susceptible to impersonation risks, our
system is intended solely for legitimate telepresence and interactive applications.
We encourage responsible deployment practices such as access control and wa-
termarking to prevent malicious use.
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Algorithm 1 Self-Forcing DMD with History Corrupt
Require: Timesteps {t1, . . . , tT }
Require: Number of video frames N
Require: Conditions of N frames C1:N (including audio,text,ref image)
Require: Generator Gθ (returns KV embeddings via GKV

θ )
1: loop
2: Initialize model output Xθ ← []
3: Initialize KV cache KV← []
4: Sample s ∼ Uniform(1, 2, . . . , T )
5: for i = 1, . . . , N do
6: Initialize xi

tT ∼ N (0, I)
7: for j = T, . . . , s do
8: if j = s then
9: Enable gradient computation

10: Set kvi, x̂i
0 ← GKV

θ (xi
tj ; tj ,KV, Ci)

11: Xθ.append(x̂i
0)

12: Detach kvi from gradient graph
13: KV.append(kvi) ▷ Noisy KV Cache
14: else
15: Disable gradient computation
16: Set x̂i

0 ← Gθ(x
i
tj ; tj ,KV, Ci)

17: Sample ϵ ∼ N (0, I)
18: Set xi

tj−1
← Ψ(x̂i

0, ϵ, tj−1)
19: end if
20: end for
21: end for
22: Update θ via distribution matching loss
23: end loop
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Algorithm 2 Self-Forcing DMD with History Corrupt and Block-wise Gradient
Accumulation
Require: Timesteps {t1, . . . , tT }
Require: Number of video frames N
Require: Conditions of N frames C1:N (including audio,text,ref image)
Require: Generator Gθ (extra returns KV embeddings via GKV

θ )
1: loop
2: Initialize model output Xθ ← []
3: Initialize noisy latent cache Xcache ← []
4: Initialize KV cache KV← []
5: Sample s ∼ Uniform(1, 2, . . . , T )
6: Disable gradient computation
7: for i = 1, . . . , N do
8: Initialize xi

tT ∼ N (0, I)
9: for j = T, . . . , s do

10: if j = s then
11: Set kvi, x̂i

0 ← GKV
θ (xi

tj ; tj ,KV, Ci)

12: Detach xi
tj , x̂

i
0,kv

i from gradient graph
13: Xcache.append(xi

tj )

14: Xθ.append(x̂i
0)

15: KV.append(kvi)
16: else
17: Set x̂i

0 ← Gθ(x
i
tj ; tj ,KV, Ci)

18: Sample ϵ ∼ N (0, I)
19: Set xi

tj−1
← Ψ(x̂i

0, ϵ, tj−1)
20: end if
21: end for
22: end for
23: for i = N, . . . , 1 do
24: Initialize temporary model output Xi ← []
25: for j = 1, . . . , N do
26: if i = j then
27: Set xi

ts ← Xcache[j]
28: Enable gradient computation
29: Set x̂i

0 ← Gθ(x
i
ts ; ts,KV, Ci)

30: Xi.append(x̂i
0) ▷ Handle Partial Gradient

31: Disable gradient computation
32: else
33: Xi.append(Xθ[j])
34: end if
35: end for
36: Accumulate gradient of θ via DMD loss
37: KV.pop(i) ▷ Free Memory
38: end for
39: Update θ
40: end loop
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Algorithm 3 Single-GPU AR Inference with AAS and Rolling RoPE
Require: Per-timestep KV caches, each with size L
Require: Timesteps {t1, . . . , tT }
Require: Number of generated frames M
Require: Conditions of N frames C1:N (including audio,text)
Require: Ref image R
Require: Flow-Matching Model vKV

θ (extra returns KV embeddings)
Require: Rolling RoPE transform Φ(·)
Require: VAE Decoder VAE(·)
1: Initialize model output Xθ ← []
2: Initialize KV caches {KV1, . . . ,KVT } ← []
3: Initialize Rolling Sink Frame Sink← R
4: Initialize dt← −1/T
5: for i = 1, . . . ,M do
6: Initialize xi ∼ N (0, I)
7: for j = T, . . . , 1 do
8: Set v̂ij ,kv

i
j ← vKV

θ (xi; tj ,KVj , Ci, Φ(Sink)) ▷ RoPE Update
9: Set xi ← xi + v̂ijdt

10: if |KVj | = L then
11: KVj .pop(0)
12: end if
13: KVj.append(kvi

j)
14: end for
15: Xθ.append(VAE(xi))
16: if i = 1 then
17: Sink← xi ▷ AAS Update
18: end if
19: end for
20: return Xθ
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Algorithm 4 TPP with AAS and Rolling RoPE
Require: GPU Index k
Require: Per-timestep KV caches, each with size L
Require: Timesteps {t1, . . . , tT }
Require: Number of generated frames M
Require: Conditions of N frames C1:N (including audio,text)
Require: Ref image R
Require: Flow-Matching Model vKV

θ (extra returns KV embeddings)
Require: Rolling RoPE transform Φ(·)
Require: VAE Decoder VAE(·)
1: Initialize model output Xθ ← []
2: Initialize KV cache KV← []
3: Initialize Rolling Sink Frame Sink← R
4: Initialize dt← −1/T
5: for i = 1, . . . ,M do
6: if k=1 then
7: Initialize xi ∼ N (0, I)
8: else
9: xi ← dist.recv()

10: end if
11: if k=T+1 then ▷ VAE Device
12: Xθ.append(VAE(xi))
13: if i = 1 then
14: dist.broadcast(xi) ▷ Broadcast AAS Latent
15: end if
16: continue
17: else ▷ DiT Device
18: if i=2 then
19: Sink←dist.recv() ▷ Update AAS
20: end if
21: Set v̂ik,kv

i ← vKV
θ (xi; tT−k+1,KV, Ci, Φ(Sink))

22: if |KV| = L then
23: KV.pop(0)
24: end if
25: KV.append(kvi)
26: Set xi ← xi + v̂ikdt
27: dist.send(xi)
28: end if
29: end for
30: return Xθ
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