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Figure 1: AURA generates 720p talking-head videos at 9.7 fps on a single GPU in a
causal streaming manner, per chunk of 0.64s. (Left) Excerpts of three samples generated
from the same audio with different reference identities and prompts, with frames temporally
aligned across rows. (Right) Quality–inference time trade-off for AURA and baselines, aver-
aged across the CelebV-HQ and Hallo3 test sets; Specifically, we report FVD vs. end-to-end
generation time for 10 s of video (log scale, lower is better for both); The circle areas are
proportional to parameter count in the models. Video results on the project page.

Abstract

Current audio-driven video diffusion models can synthesize realistic talking-head
videos but generally require dozens of diffusion denoising steps over multi-second video
chunks, making them unsuitable for streaming applications such as voice assistants and
virtual avatars, where low-latency and online causal generation are required properties.
AURA generates high-resolution video chunk-by-chunk at 9.7 fps with a rolling KV
cache, requiring only the audio of the current chunk rather than the multi-second au-
dio look-ahead buffered by bidirectional models, making it well-suited to interactive
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avatar applications. Our two-stage distillation pipeline first aligns the causal student
with the teacher, by training it to match the teacher’s trajectories with fewer diffusion
steps and a chunk-wise causal attention mask, then applies Distribution Matching Distil-
lation (DMD) with backward simulation to close the remaining quality gap. On standard
talking-head benchmarks, AURA matches the teacher’s quality while running 17× faster,
achieving 720p avatar streaming on a single GPU. To support reproducibility and further
research on streaming avatar generation, we release our model’s weights along with a
dataset of 30K synthetic videos and their precomputed teacher trajectories.

1 Introduction

Recent speech-to-speech models [12, 36] are able to model full-duplex voice interaction in
real-time, paving the way for voice assistants that hold natural and smooth conversations.
However, these models only generate audio signal. In contrast, human spoken communi-
cation relies on visual cues and facial expressions, via an interplay of the audio and visual
modalities. For instance, lip motion alters perceived phonemes [32], visual cues sharpen
comprehension in noise [42], and an embodied talking face enhances the sense of social pres-
ence over voice alone [6]. To model such behaviors, audio-driven video generation models
can synthesize talking-head videos from a reference image and an input speech audio, en-
abling applications such as virtual avatars, synthetic presenters, and non-player characters
in games. All these applications, however, share a common constraint: the avatar must be
generated on-the-fly, as the audio arrives, from a stream of audio of unbounded duration.

State-of-the-art talking-head models such as TalkVerse [46] and Wan-S2V [15] produce
high-quality audio-driven videos but are ill-suited to the streaming setting. Because they rely
on bidirectional attention, they must generate entire video chunks of several seconds at once,
running dozens of denoising steps over the full chunk before producing any frame, which on
a single GPU takes minutes (per chunk). Recently, CausVid [52] and Self-Forcing [21] have
explored distilling such bidirectional video diffusion teachers into few-step causal students
that generate video chunk by chunk in an autoregressive manner. However, these methods
target only the text-to-video and image-to-video settings. Extending this approach to the
audio-driven setting, where the model must additionally track a dense time-aligned speech
signal, has so far been demonstrated only on much larger models (14–18B parameters) [22,
30, 37], which remain too large for real-time inference on a single GPU (only 2 fps). A
second obstacle is the scarcity of suitable training data: existing public talking-head datasets
such as Hallo3 [9] and CelebV [56] consist of clips too short to cover the chunk length of
modern teachers like TalkVerse, ruling them out for distillation (see Section 3.6).

We introduce AURA, a 5B-parameter causal few-step speech-to-video (S2V) model that
generates streaming talking-head videos from live audio at 720p resolution and 9.7 fps on
a single GPU, a 17× speedup over its teacher. For training, we generate and release a
new talking-head dataset comprising 30K videos (38.7 hours) produced with the TalkVerse
teacher, conditioned on reference images and text descriptions from the Hallo3 dataset [9]
and synthetic speech audio. To train our model, we use a two-stage distillation pipeline,
similar to CausVid: Stage 1 first trains the causal student to match the bidirectional teacher
(TalkVerse [46])’s Ordinary Differential Equation (ODE) trajectories in order to reduce the
gap between the bidirectional teacher and the causal student architecture. Then, Stage 2
closes the few-step gap with Distribution Matching Distillation (DMD) and backward sim-
ulation: by training the student on intermediate states from its own denoising rollouts, the
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Stage 2 loss reflects accumulating errors the student may actually produce at inference.
To further improve efficiency, we train the model to support chunk-wise causal attention,

allowing us to use a rolling KV cache with bounded memory at inference. We also use a
single KV cache for all diffusion denoising timesteps, further reducing memory footprint.

With this approach, on standard talking-avatar benchmarks, AURA matches its bidirec-
tional teacher on visual quality (FVD [44] and JEDi [31] metrics) and audio-visual align-
ment, while running 17× faster with only four denoising steps per chunk. AURA delivers
720p streaming video at 9.7 fps on a single GPU, faster than all baselines we compare against
in the same single-GPU setting. Figure 1 shows an excerpt of qualitative samples generated
by AURA, as well as its speed–quality tradeoff against prior work.

In summary, we introduce AURA, which makes the following contributions:

• A 5B causal few-step S2V model that matches its bidirectional teacher on FVD and JEDi
metrics, with a 17× speedup. Our inference pipeline streams 720p video at 9.7 fps on a
single GPU, the highest throughput among audio-driven baselines we compare against.
Our method is based on a two-stage distillation method (ODE-trajectory initialization
followed by Distribution Matching Distillation with backward simulation) paired with a
streaming inference scheme based on a rolling KV cache of past chunks;

• A public dataset of 30K teacher-generated talking-head ODE trajectories paired with syn-
thetic speech, released to support future research on streaming S2V distillation;

2 Related Work
Diffusion and Flow Matching. Image Generative models have evolved through several
paradigms: Generative Adversarial Networks (GANs) [4, 16, 23] are efficient as they gener-
ate images in a single forward pass but suffer from known limitations around mode coverage
and training stability. More recently, diffusion models [14, 18, 24, 35, 39, 40] and flow
matching [27, 29] have become the dominant paradigm for image generation. Indeed, both
frameworks are closely related and model data through an iterative multi-step refinement
process, yielding stable training with high sample diversity but at the cost of slow sampling.
Most modern large-scale video generators, including our teacher TalkVerse [46], are trained
under the flow matching framework, and our work also builds on this formulation.
Video Diffusion Models. Recent work has further scaled diffusion for video generation.
Early efforts such as Imagen Video [19], Make-A-Video [38], Align Your Latents [3], and
Stable Video Diffusion [2] extended image diffusion to short clips, typically by inflating 2D
architectures with temporal layers. More recent open-source and industrial models, Sora [5],
Movie Gen [33], Open-Sora [55], CogVideoX [49], HunyuanVideo [25], and Wan [45]—
adopt diffusion transformer (DiT) architectures and operate in a compressed latent space,
scaling to 720p–1080p resolutions and minute-long clips. These models are typically non-
causal: they generate the entire video sequence jointly over 50 or more denoising steps, and
are thus not well adapted to the latency requirements of streaming applications. Current
SotA talking-head models are based on such architectures. For instance, Hallo3 [9] adapts
CogVideoX [49] for portrait animation with a DiT-adapted identity reference network, while
closed-source systems such as OmniHuman [26] extend DiT-based audio-driven generation
to full-body animation. In this work, we use TalkVerse [46], which builds on the Wan2.2-
5B architecture, as a non-causal multi-step distillation teacher and distill it into a causal,
few-step student suitable for streaming generation.
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Distillation of Diffusion Models. The slow inference of diffusion models has motivated ex-
tensive work on distillation, training a faster few-step student to reproduce a slow teacher’s
output distribution. One particularly successful line is Distribution Matching Distillation
(DMD) [51], which trains a one-step student to minimize the reverse KL to the teacher via a
learned critic; DMD2 [50] extends it to a few-step generator and introduces backward sim-
ulation, computing the loss on the student’s own rollouts rather than forward-diffused data.
CausVid [52] applies DMD to distill a non-causal video teacher into a causal few-step student
for streaming text-to-video. A related line tackles the train/test gap of causal models: e.g.
Self-Forcing [21] trains on the student’s autoregressive rollouts, maintaining a training-time
KV cache with stop-gradient, and its variants—Self-Forcing++ [10], Causal Forcing [57],
Rolling Forcing [28], Long-Live [48]—explore scheduling, masking, and rolling strategies
for longer, higher-quality sequences. We build on CausVid and DMD2 for speech-to-video
generation; unlike Self-Forcing, we reproduce the streaming attention pattern with a single-
pass block-causal mask (Sec. 3.5) instead of unrolling a training-time cache, our goal being
a fast streaming S2V system rather than a new distillation paradigm.

Streaming Talking Heads. A handful of recent works tackle audio-driven talking-head
generation in a streaming and few steps setting. Talking Machines [30] is, to our knowledge,
the first to address this regime, distilling a 18B model with DMD and sparse causal attention;
weights are not released. Live Avatar [22] distills the 14B Wan-S2V model [15] into a 14B
few-step student that runs at 16 fps and 480p on a 5-GPU setup. SoulX-FlashTalk [37] adopts
a similar few-step distillation strategy from a 14B teacher into a 14B student and requires 4
GPUs to reach real-time throughput. In contrast, AURA distills a 5B teacher into a same-size
causal 4-step student that delivers 720p video at 9.7 fps on a single GPU. Closest to our work
is Avatar Forcing [11] whose pre-print was concurrently published: It uses a similar DMD-
based distillation process but requires a look-ahead window of future audio to generate each
frame by design, leading to a small yet incompressible streaming delay.

3 Method

In this section, we present AURA, our two-stage pipeline that distills a non-causal audio-
driven video diffusion teacher (TalkVerse) into a 4-step causal student, streaming 720p
avatars in constant memory. We first recall Distribution Matching Distillation (Sec. 3.1)
and the TalkVerse teacher (Sec. 3.1) to set out notation and context. Section 3.2 then intro-
duces the causal student and the per-chunk mixed-timestep design that enables a compact
KV cache. Section 3.3 and Section 3.4 cover the two training stages, and Section 3.5 finally
describes streaming inference.

3.1 Preliminaries

Distribution Matching Distillation (DMD). DMD [51] trains a few-step student gener-
ator Gθ to match a multi-step teacher diffusion model at the distribution level, rather than
along individual sampling trajectories. Concretely, DMD minimizes, in expectation over the
diffusion timestep t ∼ U(0,1), the reverse KL divergence between the student distribution
pgen and the data distribution pdata, both diffused to noise level t. We adopt t ∈ [0,1] through-
out this paper, with t = 0 corresponding to clean latents and t = 1 to pure noise. While the
densities pgen and pdata are intractable, the gradient of the KL with respect to θ admits a
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closed-form expression as a difference of two score functions evaluated on student samples:

∇θLDMD ≜ Et
[
∇θ KL

(
pgen,t ∥ pdata,t

)]
≈−Et

∫ (
sdata(Ψ(Gθ (z), t), t)− sgen,η(Ψ(Gθ (z), t), t)

)dGθ (z)
dθ

dz, (1)

where z denotes the noise input to the student, Ψ(·, t) is the forward diffusion operator that
produces a sample at noise level t, sdata is the frozen teacher score, and sgen,η is an online
score network (called critic in this paper) with parameters η that estimates ∇ log pgen,t on
student samples. In practice, sgen,η is trained jointly with Gθ via the standard denoising
score-matching loss on student samples, and the two are updated in an alternating fashion.
Backward simulation. Directly applying DMD to multi-step students yields a training-
inference mismatch: at training time, the student is fed forward-diffused real samples xt =
Ψ(x0, t), whereas at inference time, intermediate inputs come from previous denoising steps
of the student itself. To close this gap, DMD2 [50] introduces backward simulation. At each
training iteration, the student is unrolled for a few denoising steps to produce a synthetic
intermediate sample x̂t , which then replaces the forward-diffused real sample as input to
the DMD objective. Because Gθ is itself a few-step generator, this unrolling is cheap. The
DMD gradient and the score-matching update for sgen,η are then computed at x̂t rather than
at Ψ(x0, t), aligning the input distribution seen during training with the one produced at
inference. We also adopt this scheme in the second state of our training pipeline (Sec. 3.4).
TalkVerse Architecture. We use TalkVerse [46] as our teacher model, a 5B-parameter
audio-driven video diffusion model built on the Wan2.2-5B [45] DiT backbone; Its video
VAE uses compression factors (t,h,w) = (4,16,16) that enable efficient 720p generation.
The model is conditioned on a reference identity image, a speech audio track encoded with
Wav2Vec2 [1] and injected via cross-attention to temporally aligned visual tokens, and a text
prompt encoded with T5-XXL [34]. Long videos are generated with a sliding-window mech-
anism that conditions each window on a set of motion frames compressed by a FramePack
module [54], and the reference image is assigned a positional offset placed ahead of the de-
noised window. Inference uses 50 denoising steps with a flow-matching solver and classifier-
free guidance. We provide a more detailed description in the supplementary material A.1.

3.2 AURA Architecture
To turn the 50-step bidirectional teacher (TalkVerse) into a 4-step causal student, we intro-
duce three architectural modifications: chunked causal attention, removal of motion frames,
and per-chunk mixed timesteps. In combination, these changes also enable us to keep a
compact rolling KV cache as illustrated in Figure 2b.
Chunked causal attention. The student generates videos in chunks of nc = 4 latent frames
(∼ 0.64 s at the 25 Hz native rate), whereas the teacher generates 30 latent frames (∼ 5 s) in
a single pass. We enforce causality between chunks in the student: during training, a block-
wise causal attention mask prevents frames in chunk Ci from attending to frames in chunks
C j for j > i, while attention is bidirectional within a chunk (Figure 2a).
No motion frames. TalkVerse normally conditions each generated video sequence on a
window of past frames (motion frames) to maintain temporal coherence across windows. In
our causal student, the KV cache already carries the past context required for coherence,
thus we remove the motion frame mechanism entirely. This also saves us the cost of a few
forward passes through the model required to process motion frames for every new chunk.
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Figure 2: (Left) Sliding window chunk-wise causal attention mask used during training by
the causal student. (Right) Per-chunk mixed denoising timestep training allows the use of a
single shared KV cache across all denoising steps at inference.

Per-chunk mixed timesteps: a compact KV cache. At 720p, the KV cache is already large
at a single noise level due to the high spatial token count per frame. A naive implementation
that would scale one (temporal) KV cache per diffusion step would increase the memory
cost by the number of denoising steps per chunk. To avoid this, we train the model to handle
sequences in which different chunks are at different noise levels: each chunk is assigned
a single diffusion timestep ti, shared by all frames within the chunk (Fig. 3, center). This
per-chunk mixed timesteps scheme follows CausVid [52], which adopts it without explicit
motivation; we argue it is a key design choice to enable a compact streaming KV cache.
At inference, the current chunk is fed at a high noise level tcur while previously generated
chunks, cached in the KV cache, are at the lowest noise level reached during their own
generation. The cache therefore stores keys and values at a single low noise level per past
chunk, rather than at every diffusion step (Fig. 2b). In contrast, prior streaming audio-driven
models that retain multiple noise levels in the cache pay a proportional memory cost [22].

3.3 Stage 1: ODE Teacher Forcing
As reported by CausVid [52], directly applying DMD to a causal student starting from
teacher weights is unstable as the student differs architecturally from the teacher. There-
fore, we adapt their ODE-distillation initialization strategy to our setting. Stage 1 trains the
causal student to follow the teacher ODE under the new architecture (Fig. 3, top), bringing
the student close enough to the teacher distribution so that Stage 2 can converge.

Training data. We train Stage 1 on our synthetic dataset described in Sec. 3.6. Each video
comes with latents stored at five timesteps along a 50-step ODE trajectory from the teacher.
At training time, the student is queried at the four non-zero timesteps {0.25,0.5,0.75,1} and
supervised to predict the clean latent at t = 0.

Training objective. For each training video, we independently sample a noise level for
each chunk uniformly at random from the four cached non-zero timesteps, following the
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Figure 3: Two-stage distillation pipeline. Stage 1 (top, ODE teacher forcing): the frozen
teacher generates a multi-step ODE trajectory from noise to clean latents, conditioned on
a reference image, speech audio, and text prompt. A per-chunk mixed timestep state is
sampled from this trajectory and fed to the causal student Gθ , which is trained to predict
the corresponding clean latents under an MSE loss. Stage 2 (bottom, DMD with backward
simulation): the student generates a video in inference mode without gradients (backward
simulation, left), and a per-chunk mixed-timestep state is sampled from its own denoising
trajectory. The student is then re-run on this state with gradients enabled, and a DMD loss
is computed by comparing the score predicted by a frozen teacher and an online fake score
network (right). Gradients flow back through the gradient-enabled student pass only.

per-chunk mixed timestep scheme of Section 3.2. This matches the heterogeneous-noise con-
figurations the student encounters at inference, where the current chunk is noisy while past
chunks (in the KV cache) are near-clean (at lowest noise level). The student processes the
resulting sequence under the block-wise causal mask and predicts a velocity field vθ (zt , t,c),
where zt denotes the noised latent at level t (Sec. 3.1) and c denotes the text, audio and iden-
tity conditioning. From the predicted velocity we reconstruct the clean latent x̂0 and apply
an MSE loss directly on x̂0(zt , t,c) rather than on the velocity. The Stage 1 loss reads:

Lstage1 = Et,zt ,c

[∥∥x̂0(zt , t,c)− x0
∥∥2

2

]
, (2)

where x0 is the clean latent produced by the teacher. The objective is to match the clean
latents of the teacher, not the full flow trajectory: at inference, the 4-step student does not
integrate the velocity field but alternates between x̂0 prediction and renoising (see A.2).

3.4 Stage 2: Backward Simulation DMD
Stage 1 yields a causal few-step student that closely follows teacher ODE trajectories, but its
sample quality remains bounded by the compression from many-step to few-step inference.
In Stage 2 we apply the DMD objective introduced in Section 3.1 (Equation (1)) to push the
student output distribution toward the teacher distribution, with a sampling strategy adapted
to our causal, chunked setting (Fig. 3, bottom).
Models. We maintain three networks: the frozen teacher fteacher, the trainable student Gθ

(initialized from Stage 1), and a trainable critic fφ that estimates ∇ log pgen,t , playing the
role of sgen,η in Eq. 1. Following the two time-scale update rule of DMD2 [50], the critic is
initialized from the teacher and updated U = 5 times between each student update.
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DMD objective. Specializing Eq. 1 to our setup, the student gradient becomes

∇θLDMD = Et, x̂0

[(
fφ (x̂t , t)− fteacher(x̂t , t)

)∂ x̂0

∂θ

]
, x̂0 = Gθ (z,c), (3)

where z is the noise input, c denotes the conditioning (audio, prompt, and reference image),
t ∼U(0,1) indexes the diffusion noise level, and x̂t =Ψ(x̂0, t) is the forward-diffused student
sample at level t. The two terms inside the bracket correspond, respectively, to the estimated
student score and the teacher score, and their difference approximates the gradient of the
reverse KL divergence KL(pgen,t ∥ pdata,t) (Sec. 3.1). The critic fφ is trained jointly with Gθ

via the standard denoising score-matching loss on student samples.

Backward simulation. A central question in few-step distillation is which samples x̂0 to
use when computing the DMD gradient. We adopt the backward simulation strategy of
DMD2 [50] (Sec. 3.1) and apply it to our causal, chunked student. At each iteration, we
proceed in three steps: (i) we run a full multi-step rollout of Gθ without backpropagation to
obtain the intermediate noisy states {x̂tk} (tk ∈ {0.25,0.5,0.75,1}) along its own sampling
trajectory; (ii) we re-feed these states through Gθ with gradients enabled, using per-chunk
mixed timesteps (Sec. 3.2) sampled uniformly across the trajectory; (iii) we evaluate the
DMD gradient (Eq. 3) at the resulting x̂0 (Fig. 3, bottom). The student is thus supervised at
the intermediate states it encounters at inference, reducing the training–inference mismatch.

3.5 Inference: Causal Generation with rolling KV Cache
At inference, the student generates the video autoregressively, one chunk of 4 latent frames at
a time, in 4 diffusion steps per chunk. Within each chunk, we adopt the predict-and-renoise
scheme of DMD2 [50] (see supplementary material A.2). To extend generation to longer se-
quences, we use a rolling KV cache with a first-chunk anchor that provides temporal context
across chunks , and a RoPE [41] re-indexing scheme that bridges training and inference.

Rolling KV cache. The sampling scheme of DMD2 describes the denoising of a single
chunk. To generate longer videos, each new chunk must attend to previously generated
chunks for temporal coherence. A naive KV cache that stores keys and values for all pre-
viously generated chunks would grow linearly with video length. We instead use a rolling
cache of fixed size, designed around two roles:

1. the first chunk, kept as a fixed anchor on which subsequent chunks can condition.
This mirrors the attention sink mechanism used to stabilize streaming language mod-
els [47] and also adopted for streaming long-video generation [28];

2. the last n chunks (n= 1 in our setting), which provide the immediate temporal context
for local motion continuity. We keep a single past chunk (n = 1): enlarging the win-
dow to n = 2 yields no quality improvement while increasing cache size and lowering
throughput (supplementary material, Tab. 9).

All other chunks are evicted from the cache once they fall outside this window, which yields
constant inference memory regardless of video duration. Moreover, thanks to the per-chunk
mixed-timestep training described in Section 3.2, cached entries only need to store keys and
values at the lowest noise level reached at the last denoising step of the chunk, rather than at
every diffusion step. The same attention pattern is reproduced at training time by the block-
causal mask (Figure 2a), in a single forward pass and without maintaining a KV cache.
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RoPE indexing. At inference, generated-frame positions grow without bound, while the
reference frame is anchored at a fixed temporal RoPE position 10 to 40 latents ahead of the
current generation front at training time (Section 3.1 and supplementary material A.1). To
preserve this training-time configuration, we re-index the reference every 30 new generated
latent frames, shifting it by +30 each time so that its offset relative to the generation front
cycles between +40 and +10 (Figure 7 in supplementary material). This keeps the relative
position of the reference within the regime the model was trained on, and avoids the position
drift that would otherwise accumulate over long autoregressive rollouts.

3.6 Synthetic Talking-Head Dataset
We find that existing audio-driven video datasets are ill-suited to our training setup: the
TalkVerse training set is released only as YouTube URLs and is difficult to obtain reliably,
while the Hallo3 dataset [9] contains clips too short to match our teacher’s single-chunk
generation window of ∼ 5 s. We instead build a synthetic dataset by running the TalkVerse
teacher on conditioning inputs we control, and release it to support Stage 1 ODE teacher
forcing (Sec. 3.3) and future work on audio-driven distillation.
Conditioning inputs. We draw reference images and their associated text prompts from
Hallo3 dataset [9], and pair each (image, prompt) to a synthetic speech track: We first obtain
textual English audio transcripts of Youtube videos provided in the LiveCC dataset [7]. Then,
we generate speech from a subset of these transcript using an off-the-shelf text-to-speech
model [53]. The resulting clips average 4.8 s, matching the teacher’s chunk size.
Video generation. For each (image, prompt, audio) triplet, we run the TalkVerse teacher
at 720p and 25 Hz with 50 ODE steps and a guidance scale of 4.5. Reference image quality
is heterogeneous across Hallo3, which also leads to diverse quality in the resulting video
clips; No quality filtering is applied. For each generated video, we also store the teacher’s
latent ODE trajectory at five timesteps: the initial noise (t = 1), three intermediate states
(t ∈ {0.75,0.5,0.25}), and the final clean latent (t = 0). Latents follow the TalkVerse VAE
compression (4×16×16 over time and space). We additionally store the decoded clean
videos as MP4 files alongside the original audio tracks.
Release. The final dataset totals 30,000 clips (38.7 h of synthetic videos, compared to ∼ 70 h
for Hallo3 and CelebV). We release the audio tracks, decoded videos, and the five-timestep
latent ODE trajectories to foster reproducibility and future work on talking heads generation.

4 Experiments

4.1 Experimental Setup
Architecture and initialization. The student is initialized from TalkVerse (5B parameters)
and trained with LoRA adapters [20] of rank 128 on the attention layers. We additionally
unfreeze the timestep embedding and the output head of the student, since our model uses
the per-chunk mixed-timestep scheme of Section 3.2 rather than the single shared timestep
of the teacher. Unless stated otherwise, our model generates videos at 720p in chunks of
nc = 4 latent frames with 4 diffusion denoising steps per chunk. The output video plays back
at 25 Hz, the native output rate of TalkVerse; we use fps elsewhere to denote throughput.
Two-stage LoRA training. Stage 1 (ODE teacher forcing) runs for 120K steps (108 h) at
learning rate 1e-5, batch size 256. We then merge the Stage 1 LoRA into the base weights and
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re-initialize a fresh LoRA of the same rank for Stage 2 (DMD with backward simulation),
avoiding compounded adapters. Stage 2 runs for 5K steps (30 h) at learning rate 3.5e-7, batch
size 256, with 5 critic updates per student update. The critic is initialized from the teacher
and, operating on its single shared timestep, has only its LoRA adapters trained. Remaining
hyperparameters are in the supplementary material (A.3); all training uses 64 H100 GPUs.
Baselines. We compare AURA against four open-source audio-driven avatar generation
models. TalkVerse [46] , our teacher, serves as a high-quality reference for the distillation.
Wan-S2V 14B [15] and Hallo3 [9] are two recent large-scale non-causal S2V model. Live
Avatar [22] is a streaming few-step approach and the closest competitor to AURA in infer-
ence regime. For all baselines we use the authors’ released code and checkpoints, and run
inference under each method’s recommended settings.
Benchmarks. We evaluate on two test sets we generate. HALLO3 TEST consists of 100
first frames and prompts randomly sampled from the Hallo3 test set [9], each re-paired with
a real English speech track from an internal dataset to assess speaker generalization; all clips
are 10 s. CELEBV-HQ TEST consists of 150 first frames from CelebV-HQ [56], each paired
with 8–20 s of TTS-synthesized speech (same pipeline as Sec. 3.6) and the generic prompt
“a person is talking”; we synthesize rather than reuse audio because CelebV-HQ clips are
too short (∼5 s) to test longer sequences.
Metrics. We evaluate along five axes. Visual quality: FID [17], FVD [44] on 16-frame
windows, reported at three temporal offsets, @0 (initialization), @101 and @109 (windows
centered on and starting at a mid-video chunk boundary, capturing inter-chunk discontinu-
ities), and JEDi [31] at the same offsets, an MMD-based distance on V-JEPA features more
reliable at our limited sample counts. Temporal consistency: the warping error (WE), the
mean L1 residual after RAFT [43] optical-flow alignment of consecutive frames, captur-
ing flicker and chunk-boundary artifacts. Audio–visual alignment: Sync-C and Sync-D [8]
(SyncNet). Identity preservation: CSIM, the mean cosine similarity between ArcFace [13]
embeddings of the reference and generated frames. Inference timing: on a single H100 GPU,
generating one clip from a fixed 10 s English audio and a 960×960 reference at each model’s
native resolution and frame rate; we report throughput (fps) for the DiT and VAE decoder
separately and the end-to-end Total (excluding loading and warm-up). Total is not a simple
composition of the two: for Live Avatar, offloading the DiT or VAE between calls to fit in
GPU memory adds overhead.

4.2 Main Results

Quality and identity. In Table 1 and 2 we report our main quantitative comparison against
all baselines, alongside model size, output resolution, and number of diffusion steps. Despite
using only 4 denoising steps instead of 50, AURA matches or improves on its TalkVerse
teacher across most automatic metrics, and is comparable to the much larger Wan-S2V (14B,
multi-step) on FVD, JEDi, and audio–visual alignment. On identity preservation (CSIM),
AURA outperforms all baselines on both test sets (0.80 on HALLO3 TEST, 0.74 on CELEBV-
HQ TEST), which we attribute to the reference-frame RoPE indexing scheme described in
Sec. 3.2 and to keeping the initial generated chunks in the rolling cache, both of which limit
identity drift over long generations.
Speed. AURA is the fastest method, even compared to Live Avatar which is also a few-step
model. Throughputs are reported in raw frames per second. AURA, TalkVerse and Hallo3
generate at 25 Hz, Live Avatar and Wan-S2V at 16 Hz. Measured in generated seconds of
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Table 1: Main results on HALLO3 TEST. FVD and JEDi are reported as triplets at temporal
offsets at three different (temporal) frames: @0/@101/@109. WE: warping error. DiT /
VAE: throughput of the diffusion transformer and VAE decoder alone, in frames per second
on a single H100 GPU. Total (fps): end-to-end throughput, including model offload and
overhead. Bold: best; underlined: second best (applied per offset within each triplet).

Method Params Res Steps DiT / VAE (fps)↑ Total (fps)↑ FID↓ FVD @(0/101/109)↓ JEDi @(0/101/109)↓ CSIM↑ Sync-C↑ Sync-D↓ WE↓
Hallo3 14.5B 480p 50 0.24/3.2 0.22 43.1 189.0 / 182.8 / 187.1 0.22 / 0.13 / 0.13 0.74 5.06 9.9 0.0036
Wan-S2V 14B 720p 40 0.08/6.7 0.08 55.2 189.3 / 204.8 / 207.4 0.23 / 0.28 / 0.29 0.71 5.40 9.0 0.0032
TalkVerse 5B 720p 50 0.69/7.4 0.58 55.7 228.3 / 201.1 / 217.1 0.43 / 0.39 / 0.44 0.74 3.82 10.5 0.0019
Live Avatar 14B 480p 4 8.4/4.3 1.9 50.8 181.4 / 181.3 / 185.5 0.32 / 0.55 / 0.53 0.77 4.90 9.3 0.0039

AURA (ours) 5B 720p 4 19.7/22.7 9.7 56.2 201.0 / 188.0 / 184.0 0.54 / 0.29 / 0.29 0.80 4.17 9.97 0.0034
AURA (3 steps) 5B 720p 3 26.0/22.7 11.2 56.5 215.0 / 196.7 / 187.5 0.53 / 0.29 / 0.29 0.77 4.27 9.85 0.0033

Table 2: Main results on CELEBV-HQ TEST. FVD and JEDi are averaged over the three
temporal offsets (@0, @101, @109); per-offset breakdowns are in supplementary material.
Columns and naming conventions follow the same as in Table 1.

Method Params Res Steps DiT / VAE (fps)↑ Total (fps)↑ FID↓ FVD↓ JEDi↓ CSIM↑ Sync-C↑ Sync-D↓ WE↓
Hallo3 14.5B 480p 50 0.24/3.2 0.22 36.0 208.0 0.257 0.71 6.20 9.4 0.0038
Wan-S2V 14B 720p 40 0.08/6.7 0.08 46.7 293.7 0.640 0.62 6.20 8.9 0.0061
TalkVerse 5B 720p 50 0.69/7.4 0.58 56.3 262.9 0.600 0.59 4.80 10.5 0.0059
Live Avatar 14B 480p 4 8.4/4.3 1.9 43.1 272.9 1.087 0.67 5.90 9.2 0.0057

AURA (ours) 5B 720p 4 19.7/22.7 9.7 45.9 218.9 0.477 0.74 4.70 10.1 0.0055
AURA (3 steps) 5B 720p 3 26.0/22.7 11.2 44.0 239.0 0.577 0.65 4.90 9.9 0.0065

video per second of compute, AURA’s lead over the latter two is larger still. The 4-step
variant, our main model, runs the end-to-end pipeline at 9.7 fps on a single H100, a ∼ 17×
speedup over the TalkVerse teacher (0.58 fps); on the diffusion transformer alone, the same
comparison yields 19.7 vs. 0.69 fps, a ∼ 30× speedup. The 3-step variant pushes these
numbers further to 11.2 fps end-to-end (∼ 20× speedup) and 26.0 fps on the DiT (∼ 40×
speedup), with marginally lower quality. The DiT and the VAE decoder reach 19.7 fps and
22.7 fps respectively on a single H100; end-to-end throughput is bounded by their sequential
composition. Figure 1 (right) summarizes the quality–speed trade-off: AURA matches the
best baselines on quality while being one to two orders of magnitude faster. Figure 6 in the
supplementary material adds complementary visualizations.

Long-form streaming stability. A central claim of AURA is that its rolling KV cache
sustains generation over an unbounded stream at constant memory. To verify that quality
and identity do not degrade over time, we run the 4-step model on the 100 HALLO3 TEST
references driven by 60 s of speech and compute metrics on consecutive 10 s segments (full
per-segment breakdown in the supplementary material, Tab. 8). Across the six segments all
metrics fluctuate only marginally and show no monotonic trend (mean FVD 187.4, CSIM
0.759, Sync-C 4.74, warping error 3.9×10−3): there is no systematic identity drift or accu-
mulation of chunk-boundary artifacts at the minute scale.

Perceptual quality. Distribution-based metrics (FID, FVD, JEDi) capture global feature
statistics but do not penalize certain local artifacts: Hallo3 obtains the best FID, FVD, and
JEDi on both test sets, yet its generations exhibit exaggerated mouth motion and recurrent
hand artifacts that these metrics fail to flag (qualitative analysis in Fig. 8, supplementary
material). To assess perceived quality directly, we run an anonymous human evaluation
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Figure 4: Human preference study. Per-axis Bayesian Elo (↑) from 300 pairwise compar-
isons by 30 raters on the HALLO3 TEST clips; error bars are 95% CIs.

on the Mabyduck platform, collecting 300 pairwise comparisons from 30 raters on the 100
HALLO3 TEST clips, comparing AURA against Hallo3 and against our TalkVerse teacher
along four axes : overall visual quality, lip-sync, reference fidelity, and naturalness, aggre-
gated into per-axis Bayesian Elo scores (Fig. 4). AURA is preferred over Hallo3 on all four
axes, confirming that its distribution-metric lead does not translate into perceived quality.
Against the non-causal, 50-step teacher, AURA ranks higher on reference fidelity, consistent
with our CSIM results, is on par for lip-sync and naturalness, and only marginally behind on
visual quality, despite being causal and ∼17× faster.

4.3 Ablations
We ablate the main design choices of our method. Unless stated otherwise, all ablations use
the 5B student trained on the full pipeline and are evaluated on the HALLO3 TEST set with
6.3 s clips, shorter than the 10 s clips used in the main results (Sec. 4.2) to reduce compute.

Number of diffusion steps. Table 3 reports quality metrics when generating each chunk in
{1,2,3,4} diffusion steps. Per-frame and per-window quality (FID, FVD, JEDi) degrades
gradually from 4 to 2 steps and drops sharply at 1 step. Identity preservation (CSIM) follows
the same trend. Lip sync quality (Sync-C, Sync-D) remains essentially constant across all
step counts. Temporal consistency metric (Warp Error) reaches lower values as the number
of steps decreases, but this reflects a known failure mode of these metrics rather than a real
improvement: with fewer steps, generated frames become blurrier and lose high-frequency
content, which leaves fewer details for the metrics to flag as inconsistent across frames. Qual-
itatively, videos become progressively blurrier as the number of steps decreases (Sec. 4.4).
We adopt 4 steps in all other experiments as the best trade-off between per-frame quality and
inference speed.

Stage 1 only vs. Stage 1 + Stage 2. Table 4 compares a student trained only with ODE
teacher forcing (Stage 1) against the full two-stage pipeline (Stage 1 + Stage 2). Adding
the DMD stage substantially improves all perceptual quality metrics (FID, FVD, JEDi) and
identity preservation (CSIM), confirming that Stage 1 alone is insufficient to close the gap
to the teacher in the few-step regime. Lip-sync metrics also improve. As in the previous
ablation, the temporal consistency metric (Warp) reaches lower value with Stage 1 only, but
this reflects the same metric artifact on blurrier outputs rather than a real improvement.

KV cache refresh with an additional step. We tested three variants where an additional
diffusion step is added at inference to refresh the KV cache with a less noisy state for the
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Table 3: Effect of the number of diffusion steps per chunk on quality and speed. DiT
throughput is reported in frames per second on a single H100. FVD and JEDi are averaged
over three temporal offsets (@0, @101, @109). All other experiments use 4 steps. Best per
column in bold.

#Steps FID ↓ FVD ↓ JEDi ↓ CSIM ↑ Sync-C ↑ Sync-D ↓ WE ↓ DiT (fps) ↑
4 57.2 191.0 0.37 0.80 4.09 10.02 0.0034 19.7
3 57.4 199.7 0.37 0.77 4.18 9.91 0.0033 26.0
2 57.7 200.1 0.42 0.80 4.18 9.93 0.0032 38.5
1 60.2 231.7 0.65 0.65 4.09 9.77 0.0031 75.8

Variant FID ↓ FVD ↓ JEDi ↓ CSIM ↑ Sync-C ↑ Sync-D ↓ WE ↓
Stage 1 only 73.0 267.0 0.75 0.55 3.36 10.17 0.0026
Stage 1 + Stage 2 57.2 191.0 0.37 0.80 4.09 10.02 0.0034

Table 4: Effect of Stage 2 on generation quality. Adding the DMD distillation stage sub-
stantially improves perceptual quality (FID, FVD, JEDi), identity preservation (CSIM), and
lip-sync. Warp reaches lower values with Stage 1 only, but this is the same metric artifact on
blurrier outputs as observed in Tab. 3 (see Sec. 4.4). Best value per column in bold.

next chunk. Stage 1 is fine-tuned to additionally handle a low timestep t = 0 in its ODE
trajectories, and Stage 2 is retrained from scratch with this extra low timestep included in the
backward simulation: t = 0 in 5-step (t = 0 refresh) and t = 50 in the two 5-step (t = 50)
variants. At inference, this extra step updates the cache for the next chunk; its output is
discarded in the first two variants and used as the final chunk prediction in the third. Table 5
reports the results. None of the variants consistently outperforms the simpler 4-step default:
FID and lip-sync slightly improve in some variants, but FVD, JEDi, and identity preservation
are either unchanged or slightly degraded. Given the added inference cost, we keep the 4-step
variant as default.

Table 5: KV cache refresh strategy. Effect of an additional inference step to refresh it. Best
value per column in bold.

Variant FID ↓ FVD ↓ JEDi ↓ CSIM ↑ Sync-C ↑ WE ↓ DiT (fps) ↑
4 steps (default) 57.2 191.0 0.37 0.80 4.09 0.0034 19.7
5-step (t=0 refresh) 56.6 197.7 0.37 0.79 4.03 0.0035 15.6
5-step (t=50 refresh) 54.9 196.1 0.40 0.78 4.08 0.0036 15.6
5-step (t=50, used) 53.6 198.3 0.40 0.77 4.11 0.0037 15.6

4.4 Qualitative Results

Figures 1 and 5 show representative AURA generations on different test sequences spanning
varied lighting conditions, head poses, and identities. The generated frames remain faith-
ful to the reference identity throughout the sequence, and exhibit natural motion patterns –
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t ≈ 1 s t ≈ 3 s t ≈ 5 s

Reference AURA generations

Figure 5: Qualitative results from AURA on two diverse test sequences with different
audios. Each row shows the reference identity image (left) and three frames sampled from
the generated video at approximately t = 1,3,5 s. The samples illustrate the diversity of
inputs AURA handles, including varied lighting, head poses, and identities. Full videos are
provided in the supplementary material.

including spontaneous eye blinks, subtle head movements, and small facial expression vari-
ations – that go beyond strict lip motion.

Figure 9 in supplementary material compares AURA to its TalkVerse teacher on the same
input. Despite using only 4 denoising steps instead of 50, AURA matches the teacher’s vi-
sual quality, and in some cases improves over it: in the example shown, the TalkVerse output
produces a static gaze with no blinking over the full 10 s clip, whereas AURA generates nat-
ural eye blinks and more varied global motion. We provide the full videos for all sequences
in the supplementary material. We also provide video samples from the 3-step model in the
supplementary material.

5 Conclusions
We presented AURA, a 5B causal few-step speech-to-video model for streaming talking-
head generation. Distilling a bidirectional teacher into a same-size 4-step causal student
through a two-stage pipeline and a rolling KV cache, AURA matches its TalkVerse teacher
on FVD and JEDi at a 17× speedup, delivering 720p video at 9.7 fps on a single GPU.
We also release a 30,000-clip synthetic dataset with teacher ODE trajectories to support
future work on audio-driven distillation. Two limitations remain. The rolling KV cache
preserves global identity, yet slight discontinuities can still appear at chunk boundaries on
long sequences; and at 4 steps AURA remains short of the 25 Hz native rate required for true
real-time generation on a single GPU. Distilling to a smaller backbone or further reducing the
number of denoising steps is a natural path toward real-time, fluid streaming for interactive
avatars.
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A Supplementary Material

A.1 TalkVerse

We use TalkVerse [46] as our teacher model, a 5B-parameter audio-driven video genera-
tion model built on the Wan2.2-5B [45] Diffusion Transformer (DiT) backbone, originally
pretrained for text-and-image-to-video generation. TalkVerse extends the Wan-S2V [15]
design for speech-conditioned video synthesis to the Wan2.2 backbone, and trades the 14B-
parameter scale of Wan-S2V for a smaller 5B model, trained on a high-resolution open-
source dataset.

Latent space. TalkVerse uses the Wan2.2 video VAE, which downsamples by (t,h,w) =
(4,16,16), a higher compression ratio than the (4,8,8) commonly used in prior video dif-
fusion models (e.g. Wan2.1). This yields a 4× reduction in latent token count at the same
resolution, enabling efficient high-resolution (720p) generation.

Conditioning. The model is conditioned on three inputs: (i) a reference identity image,
(ii) a speech audio track, and (iii) a text prompt describing the video content. Audio is
encoded with Wav2Vec2 [1] and injected into a subset of DiT blocks via cross-attention
from visual tokens to audio tokens, with each latent frame attending to a temporally aligned
audio segment. The text prompt is encoded with T5-XXL [34] and injected through cross-
attention. TalkVerse is trained on the large-scale TalkVerse-2.3M dataset of high-resolution
audio-synchronized clips.

Long-video generation: temporal context. To generate minute-long videos, TalkVerse
uses a sliding-window mechanism: each window denoises a fixed number of frames condi-
tioned on a window of preceding frames, referred to as motion frames. To keep the token
budget tractable, the motion frames are compressed by a FramePack module [54] and as-
signed negative positional embeddings to mark them as past context.

Long-video generation: reference frame placement. The reference identity image is as-
signed a positional embedding placed after the denoised video window, specifically position
40 for a denoised window of 30 latent frames. This forward offset makes the model “chase”
the reference rather than copy it, which the authors report avoids copy-paste artifacts and
looped body movements when the same reference is reused across sliding windows.

Training and inference. TalkVerse is trained with LoRA on the DiT attention layers, while
audio projection, audio cross-attention, and FramePack-related modules are fully fine-tuned.
Inference uses 50 denoising steps with a flow-matching solver and classifier-free guidance.

A.2 Sampling scheme

Within each chunk, we adopt the predict-and-renoise scheme of DMD2 [50]. Standard flow
matching integration zt−∆t = zt + vθ (zt , t,c) ·∆t assumes that intermediate states lie on the
learned ODE trajectory, an assumption that breaks down in the few-step regime, where each
step spans a large interval of noise levels. Given a schedule of K = 4 denoising steps with
timesteps 1 = t0 > t1 > · · ·> tK = 0, the chunk is initialized as zt0 ∼N (0, I), and each step
k proceeds in two parts. The student first predicts the velocity vθ (ztk , tk,c) and reconstructs
an estimate of the clean latent under the linear flow matching parameterization:

x̂(k)0 = ztk − tk · vθ (ztk , tk,c). (4)
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This estimate is then re-noised to the next noise level tk+1 with fresh Gaussian noise ε ∼
N (0, I):

ztk+1 = (1− tk+1) · x̂(k)0 + tk+1 · ε. (5)

The final latent of the chunk is x̂0 = x̂(K−1)
0 , obtained at the last denoising step. The re-noising

in Eq. 5 projects each intermediate estimate back onto the manifold of noisy latents the stu-
dent was trained on, rather than following a straight-line integration of the velocity field. The
same scheme is used during Stage 2 training to roll out the student without backpropagation
and produce the noisy states {x̂tk} used by backward simulation (Sec. 3.4), keeping training
and inference aligned.

A.3 Training Hyperparameters

Table 6: Training hyperparameters. Stage 1 trains the student via ODE teacher forcing;
Stage 2 trains the student and critic jointly via DMD with backward simulation, alternating 5
critic updates per student update. All trainings use LoRA adapters with the optimizer settings
below.

Stage 1 Stage 2 (student) Stage 2 (critic)

Training steps 120K ≈ 833 ≈ 4,167
Global batch size 256 256 256
Learning rate 1e-5 3.5e-7 3.5e-7
Optimizer AdamW AdamW AdamW
Optimizer (β1,β2) (0.9, 0.999) (0.9, 0.999) (0.9, 0.999)
Weight decay 0.01 0.01 0.01
LoRA rank r 128 128 128
LoRA α 128 128 128
LoRA target modules attention attention attention
Extra unfrozen params timestep emb., head timestep emb., head —
Initialization TalkVerse Stage 1 merged TalkVerse

Stage 2 total optimizer steps — 5K
Critic-to-student update ratio — 5:1
Video clip length (latent frames) 30 30
Teacher ODE steps (Stage 1 data) 50 — —
Teacher guidance scale (Stage 1 data) 4.5 — —

Hardware 64× H100
Precision bf16

A.4 Full metrics for CELEBV-HQ TEST

Table 7 reports the full per-offset results on the CELEBV-HQ TEST set.

A.5 Bubble plot for FVD and JEDi

Figure 6 shows the bubble plot for both FVD and JEDi metrics.
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Method Params Res Steps fps↑ FID↓ FVD (@0/@101/@109)↓ JEDi (@0/@101/@109)↓ CSIM↑ Sync-C/D WE↓
Hallo3 14.5B 480p 50 0.22 36.0 195.7/214.9/213.5 0.26/0.27/0.24 0.71 6.20/9.4 0.0038
Wan-S2V 14B 720p 40 0.08 46.7 298.5/293.0/289.5 0.77/0.56/0.59 0.62 6.20/8.9 0.0061
TalkVerse 5B 720p 50 0.58 56.3 240.8/274.4/273.6 0.35/0.69/0.76 0.59 4.80/10.5 0.0059
Live Avatar 14B 480p 4 1.90 43.1 241.6/287.5/289.6 0.53/1.36/1.37 0.67 5.90/9.2 0.0057

AURA (ours) 5B 720p 4 9.7 45.9 187.0/234.0/235.8 0.41/0.38/0.64 0.74 4.70/10.1 0.0055
AURA (3 steps) 5B 720p 3 11.2 44.0 209.0/249.0/259.0 0.73/0.61/0.39 0.65 4.90/9.9 0.0065

Table 7: Per-offset breakdown on CELEBV-HQ TEST, complementing the averaged
version in the main paper. FVD and JEDi are reported as triplets at temporal offsets
@0/@101/@109. WE: warping error. Sync-C/D: Sync-C (↑) / Sync-D (↓). fps: end-to-
end throughput on a single H100 GPU for a 10 s clip; per-component DiT and VAE values
appear in the main paper. Bold: best; underlined: second best (per offset within each triplet).

Table 8: Long-form evaluation. AURA (4 steps) on the 100 HALLO3 TEST references
driven by 60 s of speech; metrics per 10 s segment. Warping error in 10−3.

Metric 0–10s 10–20s 20–30s 30–40s 40–50s 50–60s Mean

FVD ↓ 186.7 189.6 181.2 189.7 189.3 187.7 187.4
CSIM ↑ 0.784 0.779 0.767 0.758 0.713 0.754 0.759
Sync-C ↑ 4.81 4.99 4.85 4.67 4.46 4.65 4.74
Warp ↓ 3.82 3.80 3.78 3.67 4.30 3.78 3.86

A.6 Full Results for long evaluations

Table 8 provides results for long evaluations.

A.7 RoPE re-indexing scheme

Figure 7 illustrates the RoPE re-indexing scheme.

A.8 Rolling cache window size

We ablate the number of past chunks n retained in the rolling KV cache (Sec. 3.5). Our
default keeps a single past chunk (n = 1) alongside the first-chunk anchor; here we compare
it against a larger window that also retains the second-to-last chunk (n = 2). Both variants
use the same 4-step student and are evaluated on the HALLO3 validation subset (6.3 s clips).
As reported in Table 9, enlarging the window to n = 2 improves no metric, while increasing
cache size and lowering throughput. This supports our minimal single-chunk cache as the
best quality–efficiency trade-off.

A.9 Hallo3 failure case

Figure 8 shows artifacts observed in some Hallo3 outputs.
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Figure 6: Quality–speed trade-off across audio-driven avatar generation models. The
horizontal axis reports end-to-end generation time for 10 s of video on a single H100 GPU
(log scale, lower is better). The vertical axis reports FVD (left) and JEDi (right), averaged
over the Hallo3 and CelebV-HQ test sets (lower is better). Bubble area is proportional to
the number of model parameters. AURA (green) achieves quality comparable to multi-step
baselines at a fraction of their generation time.

Variant FID ↓ FVD ↓ JEDi ↓ CSIM ↑ Sync-C ↑ Warp ↓ DiT (fps) ↑
n = 1 (default) 57.2 191.0 0.37 0.80 4.09 0.0034 20
n = 2 57.8 200.8 0.44 0.79 4.00 0.0037 18

Table 9: Rolling cache window size. Effect of the number of retained past chunks n on
quality and speed, on the HALLO3 validation subset (6.3 s clips). Enlarging the window
from n= 1 to n= 2 improves no metric while increasing cache size and reducing throughput.
FVD and JEDi are averaged over the three temporal offsets (@0, @101, @109). Best per
column in bold.

A.10 Comparison with teacher
Figure 9 compares AURA and TalkVerse samples generated from the same reference image
and audio input.
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Just after re-index · · · · · ·
+40

Just before next re-index · · · · · ·
+10

After re-index (+30 shift) · · · · · · · · ·
+40 shift +30

Generated Reference Future

Figure 7: RoPE re-indexing of the reference frame. (Top) just after a re-indexation, the
reference (orange) sits 40 latent positions ahead of the generation front. (Middle) after 30
generated frames, the reference is 10 positions ahead — the minimum offset reached during
training. (Bottom) the reference is shifted by +30, restoring the maximum +40 offset. The
offset thus cycles in [+10,+40], staying within the training-time regime.
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AURA (ours)

Hallo3

Figure 8: Qualitative comparison on the Hallo3 test set. Despite stronger FID/FVD scores
(Table 1), Hallo3 generations exhibit recurrent hand artifacts (bottom) that distribution-based
metrics fail to penalize. AURA (top) produces cleaner outputs at a fraction of the generation
time.
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t ≈ 1 s t ≈ 4 s t ≈ 5 s

Reference

TalkVerse (teacher) – 50 steps, 0.58 fps

AURA (ours) – 4 steps, 9.7 fps

Figure 9: Qualitative comparison between AURA and its TalkVerse teacher. Given
the same reference image (left) and a 10 s audio input, AURA (bottom) generates video of
comparable visual quality to the teacher (top) while running approximately 17× faster end-
to-end on a single H100 GPU. Full videos are provided in the supplementary material.


