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Abstract. Audio-driven avatar interaction demands real-time, stream-
ing, and in�nite-length generation�capabilities fundamentally at odds
with the sequential denoising and long-horizon drift of current di�usion
models. We present Live Avatar, an algorithm-system co-designed frame-
work that addresses both challenges for a 14-billion-parameter di�usion
model. On the algorithm side, a two-stage pipeline distills a pre-
trained bidirectional model into a causal, few-step streaming one whose
KV cache stores noisy rather than clean history. This lossy condition-
ing, counter-intuitively, suppresses error accumulation and enables mod-
els trained on short clips to generalize stably beyond 10,000 seconds.
On the system side, this noisy conditioning also breaks the sequen-
tial sampling bottleneck, allowing Timestep-forcing Pipeline Parallelism
(TPP) to assign each GPU a �xed denoising timestep, converting the se-
quential di�usion chain into an asynchronous spatial pipeline that simul-
taneously boosts throughput and improves temporal consistency. Live
Avatar achieves 45 FPS with a TTFF of 1.21 s on 5 H100 GPUs, and
to our knowledge is the �rst to enable practical real-time streaming of
a 14B di�usion model for in�nite-length avatar generation. Our project
page is at https://liveavatar.github.io/.

Keywords: Interactive Video Generation · Audio-driven Avatar Gener-
ation · Long Video Generation

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-�delity, expressive, and real-time avatars has driven

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 in�nite-length generation
with a large-scale (14B) di�usion model.

Method streaming real-time in�nite-length scale

Hallo3 [6] ✗ ✗ ✗ 5B
StableAvatar [40] ✗ ✗ ✓ 1.3B
Wan-S2V [13] ✗ ✗ ✗ 14B
Ditto [23] ✓ ✓ ✓ 0.2B
In�niteTalk [47] ✗ ✗ ✓ 14B
OmniAvatar [12] ✗ ✗ ✗ 14B

Live Avatar (Ours) ✓ ✓ ✓ 14B

signi�cant recent advancements, particularly with the rise of di�usion models
for high-�delity video synthesis [2, 16, 42]. Despite their success in setting new
benchmarks for visual quality, deploying these powerful generative models in
real-time6 (≥ 24FPS), streaming environments over unbounded durations faces
fundamental and con�icting challenges.

The �rst challenge is long-horizon consistency. Existing methods su�er from
compounding errors that cause identity drift and color artifacts within min-
utes [40]. Recent progress such as Self-Forcing [18] mitigates the train�test gap
but still degrades rapidly under minute-level rollout; LongLive [48] sustains
longer generation via native long-duration training but is designed for text-to-
video and too costly to scale to 14B models.

The second challenge is the real-time��delity trade-o�. Large-scale di�usion
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 �delity. Reconciling these two desiderata at
scale remains an open problem.

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

For in�nite-length stability, we leverage the static-scene prior of avatar in-
teraction 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 �lter that suppresses
accumulated artifacts while preserving motion dynamics, and keeps the latent
distribution compact to prevent out-of-distribution drift. Additional mechanisms
further address distribution drift and positional extrapolation, together enabling
stable generation beyond 10,000 seconds.

6 Throughout this paper, �real-time� refers to generation throughput exceeding play-
back speed, not end-to-end conversational latency.
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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
exploits the noisy KV cache to pipeline denoising steps across GPUs, breaking
the sequential sampling bottleneck. Combined with system-level optimizations,
this achieves high throughput and low latency at 14B scale.

The core contributions of Live Avatar are as follows:

� Causal, Streamable Adaptation Framework. We propose a two-stage
framework that adapts a pretrained bidirectional di�usion model into a
causal, few-step streaming model, with a novel motion-frame-as-sca�old 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 show that storing only noisy history in the
KV cache enables train-short-infer-long: training on ∼3 s clips yet extrapo-
lating stably beyond 10,000 s. Additional mechanisms further address distri-
bution drift and positional extrapolation.

� Timestep-forcing Pipeline Parallelism (TPP).We propose TPP, which
exploits the noisy KV cache to assign each GPU a �xed denoising timestep,
breaking the sequential sampling bottleneck and boosting throughput. Com-
bined with system-level optimizations, TPP achieves 45 FPS with a TTFF
of 1.21 s on 5×H100 GPUs, to our knowledge the �rst practical real-time
streaming of a 14B di�usion model.

� Standardized Benchmark. We introduce GenBench (Short/Long), in-
cluding long-video test cases exceeding �ve minutes.

2 Related Work

Streaming and Long Video Generation. Streaming and long video genera-
tion require e�cient management of both computation and memory resources [7,
20, 25, 51]. Di�usion Forcing [3] introduces varied noise levels to sequential tar-
gets, enabling �exible-length streaming generation. Self-Forcing [18] addresses
train-inference mismatch by conditioning on previously generated frames, yet
still su�ers from exposure bias and fails to produce minute-level long videos.
LongLive [48] 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 ine�ciency 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 di�usion models.
Audio-driven Avatar Video Generation. Audio-driven avatar video genera-
tion requires subject consistency and e�ective motion control. Early works [34,53]
leverage GANs and 3D motion models for lip-syncing and facial animation. With
the success of di�usion models, several studies [39,52] adapt di�usion frameworks
and ReferenceNet architectures for avatar generation. DiT-based video genera-
tion models [2,16,21,42] have demonstrated remarkable visual quality, inspiring
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a surge of DiT-based avatar methods [8, 15, 23, 26, 31, 43, 54, 56]. Meanwhile,
autoregressive approaches [1, 4, 22, 46] o�er an alternative by combining autore-
gressive and di�usion strategies. However, none achieve real-time, streaming,
in�nite-length avatar generation with large-scale di�usion models.
Di�usion Distillation. Di�usion model distillation accelerates video genera-
tion through various paradigms, including trajectory distillation [11], Consis-
tency Models [27, 36, 55], and Distribution Matching Distillation (DMD) [29,
30,50]. Among these, DMD has proven particularly e�ective for streaming video
generation: CausVid [51], Self-Forcing [7,18], and LongLive [48] all employ DMD-
based few-step distillation on temporally segmented long videos, achieving both
signi�cant sampling speedup and improved long-video quality. Recent analy-
sis further suggests that DMD functions analogously to reinforcement learning,
with the pretrained di�usion model serving as a reward signal [28], potentially
explaining its e�ectiveness in streaming settings.

3 Preliminaries

3.1 Video Di�usion Models

Video di�usion models generate high-�delity video sequences by progressively
denoising from a Gaussian prior xT ∼ N(0, I), following the reverse process of
a forward di�usion. In this work, we adopt the �ow 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 di�usion 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 di�usion backbone.

3.2 Distribution Matching Distillation

Distribution Matching Distillation (DMD) [50] aims to distill a pre-trained teacher
di�usion 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
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(b) Stage2: Self-Forcing Distribution Matching Distillation
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Fig. 1: The Live Avatar Training Framework. (a) Stage 1 Di�usion Forcing Pretraining
with motion-frame sca�olding: 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.

x = Gθ(z), and let pdata,t(xt) represent the corresponding ground-truth dis-
tribution produced by the teacher di�usion 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 di�usion 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 de�ned above. For multi-step
distillation, DMD �rst 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 [49].
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4 The Live Avatar Framework

In this section, we present the technical details of Live Avatar. We �rst detail
the model architecture in Sec. 4.1, followed by the overall training framework
in Sec. 4.2 and Fig. 1. 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 di�usion-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
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 1, which consists of two
stages: 1) Stage 1, Di�usion Forcing Pretraining with motion-frame scaf-
folding, and 2) Stage 2, Self-Forcing Distribution Matching Distillation
with History Corrupt.
Stage 1: Di�usion Forcing Pretraining. Following prior practice [3, 51], 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 �ow-matching loss. We addi-
tionally introduce motion frames [6] as auxiliary context, whose role is detailed
below.
Motion-Frame as Sca�old. Employing a naive two-stage training converges
slowly on long-horizon capabilities, yet each self-forcing rollout step is far more
expensive than supervised training. Inspired by [14], we repurpose the motion
frames�context frames preceding the current clip, originally for clip continuation�
as sca�olding 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
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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 [40]. 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 di�ers 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 �ne-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 in�nite-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-
�ciently useful appearance and identity information for every generated frame
throughout the entire sequence. Under this assumption, the role of the rolling
KV cache reduces to conveying motion dynamics alone, while �ne-grained iden-
tity and appearance details should be sourced exclusively from the persistent
sink frame.

This motivates a simple yet e�ective design: we store only noisy represen-
tations in the KV cache, rather than the conventional clean cache. Intuitively,
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Gaussian noise acts as a low-pass �lter [35] 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 e�ective 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 [37]. 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�
signi�cantly reduces inter-frame �ickering, consistent with observations in Talk-
ingMachines [26]. This timestep-forcing constraint also naturally lends itself to
e�cient multi-GPU inference, as discussed in Sec. 4.4.
Adaptive Attention Sink (AAS)7. 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 di�erent 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 �rst generated latent immediately after the �rst 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 RoPE7. 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 o�set 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
�delity.

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 di�usion-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 [51] and LongLive [48], achieve

7 Details of AAS and Rolling RoPE are provided in the supplementary materials.
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Fig. 2: A visual illustration of Timestep-forcing Pipeline Parallelism (TPP). After
warm-up �lls the pipeline, all GPUs denoise simultaneously in the fully pipelined
stage, turning the sequential di�usion 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).

higher frame rates by substantially reducing model capacity�often relying on
lightweight 1.3B models and aggressive quantization�at the cost of generation
�delity. This establishes a long-standing tradeo� between model quality and
real-time performance that has yet to be resolved.

To overcome the sequential bottleneck of di�usion sampling, we introduce
Timestep-forcing Pipeline Parallelism (TPP) (illustrated in Figure 2),
which assigns each GPU a �xed timestep ti and partitions the T denoising steps
across T devices. Each GPU repeatedly performs its designated transformation
ti → ti−1, converting the sequential di�usion chain into an asynchronous spa-
tial pipeline. Through this reparameterization, throughput is determined by a
single denoise forward rather than the sum of all di�usion 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 �rst block is propagated
through all timesteps to �ll the pipeline, which completes quickly given the small
number of sampling steps. Once �lled, 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:
each GPUi maintains its own local rolling KV cache, requiring no inter-GPU
communication and thus remaining extremely fast and e�cient. After �nishing
its step,GPUi passes only the latent toGPUi+1, keeping the communication cost
negligible. To prevent pipeline bottlenecks, the VAE decoding stage is o�oaded
to an additional dedicated GPU, which consumes the clean latent and outputs
synchronized video chunks.
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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 �ow-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 �xed resolution
of 720×400 and 84 frames. Experiments are conducted on 128 NVIDIA H100
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 re�ect this optimized con�guration.
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 GenBench. This test set was generated using Gemini-2.5 Pro,
Qwen-Image [44], 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 pro�le 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.
Evaluation Metrics. We employ Q-Align [45] 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 [41] 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],
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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 [40] 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 [40] 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

Hallo3 [6], Stable-Avatar [40], OmniAvatar [12], and WanS2V [13]. All meth-
ods are benchmarked at 720×400 on a single H100 node, with sequence-parallel
methods using their maximum supported parallelism and all other settings kept
at o�cial 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 [38], and the DMD loss has been interpreted as a specialized
reinforcement learning objective that e�ectively optimizes both aesthetic appeal
and foundational visual �delity [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
method with near real-time throughput (21.8 FPS); we use roughly 70× its pa-
rameters yet reach 45.2 FPS, which underscores the e�ectiveness 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-
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Fig. 3: Qualitative comparisons with state-of-the-art methods.

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
arti�cially in�ates sync scores. We achieve competitive synchronization (Sync-C
7.16) while maintaining the best overall visual and identity quality, yielding a
more balanced pro�le across all metrics. Figure 3 corroborates this: most base-
lines, especially OmniAvatar and WanS2V, exhibit visible quality degradation
over time, whereas ours maintains stable �delity throughout.

Table 3: Ablation on Inference E�ciency.
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

5.3 Ablation Study

Study of inference e�ciency. 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 [51]). 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 H100 GPUs.

Study on long-horizon stability strategies. As shown in Table 4 and
Figure 4, 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
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Fig. 4: Visual ablation of long-horizon stability components on long video generation.

to 0.81). Without AAS, progressive color desaturation emerges, with noticeably
grayed-out frames (ASE drops to 3.13; Figure 4). Removing Rolling RoPE trig-
gers identity drift (Dino-S 0.97→0.86), with visible changes in hair details and
facial features (Figure 4).

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 insu�cient 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: E�ect 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, �x-noisy-KV-cache (noise
�xed at t=557), and our timestep-forcing. Both baselines follow standard Self-
Forcing inference [51]. 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 [35], but both baselines su�er from severe �ickering
(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: E�ect 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
�x-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

Study on motion-frame sca�old-
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
sca�olding (Figure 5). The sca�olded
variant saturates at ∼500 steps, while
the baseline requires ∼2500 steps�a
5× speedup with no loss in �nal qual-
ity. Fig. 5: Study of motion-frame sca�olding.

6 Conclusion

We present Live Avatar, an algorithm-system co-designed framework that,
to our knowledge, is the �rst to enable practical real-time streaming of a 14-
billion-parameter di�usion model for in�nite-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 seconds8. On the system side,
Timestep-forcing Pipeline Parallelism (TPP) assigns each GPU a �xed denoising
timestep, converting the sequential di�usion chain into an asynchronous spatial
pipeline that achieves 45 FPS with a TTFF of 1.21 s on 5 H100 GPUs. We also
introduce GenBench, a long-form benchmark exceeding �ve 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 seamless
bidirectional interaction.

8 We provide experimental results on 10,000-second generation in the supplementary
material.
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