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DynaForcing: Overcoming Dynamic Collapse in Self-Forcing
Distillation for Streaming Avatar Generation

Anonymous Author(s)

Self-Forcing

DynaForcing
(Ours)

"Hello, how are
you today? ... "

Input

Figure 1: Dynamic collapse in self-forcing distillation for streaming avatar generation. Given the same reference image and
driving audio (left), the self-forcing baseline (top) produces visually appealing but temporally frozen outputs—nearly identical
lip shapes across 10 seconds of speech (see mouth crops). DynaForcing (bottom) restores faithful audio-driven dynamics with
natural expression variation and accurate lip articulation, at 45.2 FPS real-time streaming.

Abstract
Audio-driven avatar generation requires realistic lip-sync, expres-
sive motion, and real-time streaming. Recent work achieves the lat-
ter via self-forcing with Distribution Matching Distillation (DMD),
but we uncover a critical failure: dynamic collapse, where the
student model converges to a near-static optimum with high per-
ceptual quality but severely suppressed temporal dynamics. We
trace this to two causes: the reverse KL objective in DMD, which bi-
ases toward low-motion modes, and unanchored self-conditioning,
which creates a feedback loop that amplifies collapse. This is espe-
cially harmful for avatars, where even subtle motion loss breaks
lip-sync and expression. To address this, we proposeDynaForcing,
a training framework with three complementary strategies applied
at different levels. Specifically, Hybrid Forcing anchors rollouts to
ground-truth dynamics at the data level to break the feedback loop.
Dynamics-Aware Reward Regularization introduces explicit motion
rewards via the RL interpretation of DMD to counteract the reverse
KL bias at the loss level. Reference Perturbation perturbs reference
images to decouple identity from static details, forcing the model
to rely on audio for motion at the conditioning level. We further
introduce computation graph pruning and gradient replay, reducing
the GPU footprint of self-forcing by over an order of magnitude.
Experiments show that DynaForcing recovers dynamics to teacher-
comparable levels (Dyn-Deg: 0.31→0.73, Sync-C: 7.03→7.68) while
improving visual quality, resolving the quality–dynamics trade-off
throughout training without early stopping.

CCS Concepts
• Computing methodologies → Computer vision; Video gen-
eration.

Keywords
interactive video generation, efficient video generation

1 Introduction
Audio-driven avatar generation aims to synthesize photorealistic
talking-head video whose motion faithfully follows an input audio
stream, serving as a cornerstone technology for interactive digital
communication [7, 23, 29]. Deploying such systems in real-world
scenarios, such as video conferencing and virtual assistants, re-
quires satisfying two simultaneous demands: real-time streaming
at interactive frame rates, and temporally rich dynamics including
precise lip articulation, natural expressions, and responsive head
motion. Recent large-scale video diffusionmodels [1, 31] have signif-
icantly advanced visual fidelity, and self-forcing [4, 9] has emerged
as a leading distillation paradigm, leveraging Distribution Match-
ing Distillation (DMD) [38] to convert these models into causal,
few-step streaming generators that enable real-time, infinite-length
avatar generation at 14B-parameter scale [10, 25].

Yet beneath these impressive capabilities lies a failure mode that
has received limited formal study. We observe that self-forcing
training systematically drives the student model toward what we
term dynamic collapse (Figure 1), where generated videos exhibit
high perceptual quality scores but near-zero temporal dynamics,
with mouths barely move, expressions freezing, and the rich motion
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Figure 2: Dynamic collapse in self-forcing distillation. (a) Text-to-video (Self-Forcing [9]): VBench [11] dynamic degree drops
from 0.80 to 0.00 while visual quality improves. (b) Audio-driven avatar (LiveAvatar [10]): Sync-C and ExpVar degrade while
IQA and ASE improve. (c) Comparing self-forcing with CausVid [39] (GT-anchored): CausVid’s dynamic degree fluctuates
around 0.43 without collapsing, confirming that unanchored self-conditioning, not DMD distillation itself, drives the collapse.

present in the teacher model vanishes. Avatar generation is partic-
ularly susceptible because the task requires fine-grained temporal
dynamics (precise lip shapes for each phoneme, micro-expressions,
head motion responsive to prosody), yet the static-scene prior (fixed
background, stable identity) means that a near-motionless output
already satisfies most visual quality criteria, leaving little gradient
pressure toward dynamics. While DMD’s diversity–quality tradeoff
is well-documented for images [37, 38], its impact on video is qual-
itatively different: collapsing temporal diversity does not merely
reduce “variety” but fundamentally breaks the core requirement of
faithful audio-visual correspondence.

We trace this failure to two contributing mechanisms. First,
DMD’s reverse KL objective 𝐷KL (𝑝𝜃 ∥𝑝data) is mode-seeking [20]: it
penalizes the student for placing mass outside the teacher’s support
but imposes no cost for ignoring modes. Second, self-forcing per-
forms unanchored self-conditioning: unlike GT-anchored approaches
(e.g., CausVid [39]) that process all blocks in parallel with ground-
truth latents as input, self-forcing builds the entire KV cache from
the student’s own outputs with no ground-truth anchoring whatso-
ever. This creates a compounding feedback loop: when the student
begins producing low-dynamics content, all subsequent blocks
condition on this self-generated static history, reinforcing the col-
lapse across the entire sequence. We verify this empirically: under
identical training horizons, CausVid’s GT-anchored conditioning
maintains stable dynamics while self-forcing collapses to near-zero,
as demonstrated in Figure 2c.

To address dynamic collapse, we propose DynaForcing, a train-
ing framework with three complementary strategies operating at
different levels of the training pipeline:
(1) Hybrid Forcing (§4.2), a data-level strategy that probabilisti-

cally replaces self-forcing rollout starting points with noised
ground-truth latents. This provides a ground-truth anchor that
counteracts mode collapse in the distillation objective.

(2) Dynamics-Aware Reward Regularization (§4.3), a loss-level
strategy that leverages the RL interpretation of DMD [17] to
introduce explicit dynamics rewards (lip-sync accuracy and
expression variance) as auxiliary training signals that directly
penalize static outputs.

(3) Reference Perturbation (§4.4), a complementary conditioning-
level strategy that perturbs reference images to decouple iden-
tity from extraneous visual details (pose, background, lighting),
preventing the model from taking a shortcut of copying the
reference frame instead of generating audio-driven motion.

Additionally, we present efficient self-forcing training (§4.5)
via computation graph pruning and gradient replay, reducing GPU
requirements by over 10× while preserving quality.

In summary, the main contributions of this work are as follows:
• We identify and empirically characterize dynamic collapse in

self-forcing distillation, tracing it to reverse-KL mode-seeking
and the compounding effect of unanchored self-conditioning.

• We propose DynaForcing, combining three strategies at different
levels (data, loss, conditioning) that jointly address dynamic
collapse while preserving visual quality.

• We introduce computation graph pruning and gradient replay
for self-forcing, achieving ∼10× GPU-hour reduction.

• Experiments on audio-driven avatar generation demonstrate sub-
stantial improvements in motion naturalness and audio-visual
faithfulness on both short- and long-form benchmarks.

2 Related Work
Audio-Driven Avatar Generation. Audio-driven talking-head
synthesis has evolved fromGAN-basedmethods [23, 40] to diffusion-
based approaches [3, 7, 8, 29] that leverage large-scale video dif-
fusion models for dramatically improved fidelity. More recently,
several works have achieved real-time streaming avatar genera-
tion by combining diffusion models with autoregressive distilla-
tion [10, 12, 25, 27, 32], demonstrating interactive-rate generation
at scale. However, these streaming methods consistently exhibit
significantly degraded motion precision and naturalness compared
to their multi-step teachers, even though the underlying DMD dis-
tillation has been shown to produce students that match or exceed
teacher quality on static image metrics [37, 38]. For avatars, this
motion loss is particularly damaging: lip-sync accuracy, expression
diversity, and gesture naturalness are the core requirements, and
any dynamics degradation directly undermines the task objective.
Streaming Video Distillation. Distilling bidirectional multi-step
diffusionmodels into few-step causal streaming generators has been

2
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pursued through progressive distillation [24], consistency mod-
els [26], and DMD [37, 38]. CausVid [39] introduced GT-anchored
autoregressive distillation, and Self-Forcing [4, 9] further removed
ground-truth anchoring by conditioning entirely on the student’s
own outputs, better aligning train-time and test-time distributions.
Subsequent works have refined this paradigm: Causal Forcing [41]
bridges the architectural gap via AR-teacher ODE initialization,
Rolling Forcing [15] suppresses error accumulation through joint
multi-frame denoising, and LongLive [36] extends stable generation
to longer horizons. The field has largely converged on DMD-based
self-forcing as the dominant paradigm for streaming video gener-
ation. Yet self-forcing introduces an inherent motion degradation
problem: the combination of reverse-KL mode-seeking and unan-
chored self-conditioning creates a feedback loop that systematically
suppresses temporal dynamics. This has been independently ob-
served by DiagDistill [14], which proposes diagonal forcing with im-
plicit flow modeling to mitigate motion amplitude attenuation, and
Reward Forcing [16], which introduces reward signals to encourage
dynamics. Nevertheless, the problem remains largely unsolved, es-
pecially for tasks like avatar generation that demand fine-grained,
audio-synchronized motion rather than coarse temporal coherence.

3 Preliminaries
3.1 Self-Forcing for Streaming Video Diffusion
Self-forcing [9] enables streaming video generation by combining
autoregressive rollout with few-step diffusion sampling. The video
is generated block-by-block, where each block 𝐵𝑖 contains 𝐿 con-
secutive frame latents. At each rollout step, the student model 𝐺𝜃
denoises the current block conditioned on a rolling KV cache of
previous blocks:

𝐵̂𝑖0 =𝐺𝜃 (𝐵𝑖𝑇 , 𝐵
(𝑖−𝑤 ) :(𝑖−1)
𝑡︸        ︷︷        ︸
KV cache

, 𝐼 , 𝑎𝑖 ), (1)

where 𝐵𝑖
𝑇

∼ N(0, I) is the initial noise, 𝑤 is the cache window
size, 𝐼 is the reference (sink) frame, 𝑎𝑖 is the audio embedding,
and 𝑡 denotes the shared noise level of the KV cache (timestep-
forcing). The student produces a multi-step denoising trajectory
𝐵𝑖
𝑇
→ 𝐵𝑖𝑡1 → · · · → 𝐵̂𝑖0, and the generated clean latent 𝐵̂𝑖0 is used

to construct the KV cache for subsequent blocks.

3.2 Distribution Matching Distillation as RL
Distribution Matching Distillation (DMD) [38] trains the student
by minimizing the reverse KL divergence between the student’s
induced distribution 𝑝𝜃 and the teacher’s data distribution 𝑝data,
averaged over noise levels 𝑡 :

LDMD = E𝑡
[
𝐷KL

(
𝑝𝜃,𝑡 ∥ 𝑝data,𝑡

) ]
. (2)

The gradient of this objective takes the form:

∇𝜃LDMD = −E𝑡,z
[ (
𝑠real (x𝑡 , 𝑡) − 𝑠fake (x𝑡 , 𝑡)

)⊤ 𝜕𝐺𝜃 (z)
𝜕𝜃

]
, (3)

where 𝑠real is the teacher (pretrained) score and 𝑠fake is a learned
score on student-generated data, and x𝑡 = Ψ(x̂, 𝑡) is the noise-
perturbed student output.

Crucially, Luo et al. [17] frame DMD within an RL/RLHF objec-
tive: the score difference in Eq. 3 serves as an Integral KL regular-
ization toward the teacher, and additional reward signals can be
incorporated by augmenting the objective with an explicit reward
term. Building on this, Lu et al. [16] propose reward-weighted dis-
tillation, where an external reward 𝑅(x) exponentially reweights
the DMD gradient:

∇𝜃LRe-DMD = −E𝑡,z
[
exp

(
𝛼 · 𝑅

)
·
(
𝑠real − 𝑠fake

)⊤ 𝜕𝐺𝜃 (z)
𝜕𝜃

]
, (4)

where 𝑅 = sg(𝑅) is the stopped-gradient reward and 𝛼 controls
the reward strength. This formulation amplifies the DMD gradient
for high-reward samples while suppressing it for low-reward ones,
effectively steering the student toward reward-rich modes without
requiring backpropagation through the reward model.

This reward-weighted framework is central to our approach: by
defining a dynamics-specific reward, we can bias the self-forcing
training loop away from degenerate static modes (§4.3).

4 Method: DynaForcing
We first analyze the dynamic collapse phenomenon (§4.1), then
present our three strategies: Hybrid Forcing (§4.2), Dynamics-Aware
Reward Regularization (§4.3), and Reference Perturbation (§4.4).
Finally, we describe efficient training (§4.5).

4.1 Understanding Dynamic Collapse
We observe that self-forcing training can severely suppress tem-
poral dynamics despite producing visually appealing outputs. We
term this phenomenon dynamic collapse and analyze its causes.
Empirical evidence. Figure 2 demonstrates that dynamic collapse
is not task-specific but a general pathology of self-forcing distilla-
tion.1 On text-to-video generation (Figure 2a), VBench [11] dynamic
degree monotonically decreases from 0.80 to 0.00 over 8K training
steps, while imaging quality and aesthetic quality steadily improve.
On audio-driven avatar generation (Figure 2b), the same pattern
emerges: visual quality (IQA, ASE) improves steadily while dynam-
ics metrics (Sync-C, ExpVar) peak early and then decline sharply,
eventually reaching severely suppressed levels. In both cases, the
generated videos look sharp and artifact-free but exhibit minimal
temporal variation.
Analysis:Mode-seeking reverseKL.DMDminimizes𝐷KL (𝑝𝜃 ∥𝑝data),
which is mode-seeking [20]: it penalizes mass outside the teacher’s
support but incurs no cost for ignoring modes. In the video domain,
static content is an attractive mode because the DMD score differ-
ence 𝑠real−𝑠fake provides limited gradient signal for dynamics, as the
teacher’s score function primarily captures distributional realism,
not temporal richness. As the student concentrates on a narrow,
low-motion subset of the teacher’s distribution, the fake score 𝑠fake
quickly matches 𝑠real in this region, eliminating the gradient signal
needed to explore other modes.
Analysis: Unanchored self-conditioning. Self-forcing builds the
entire KV cache from the student’s own outputs, with no ground-
truth anchoring during the rollout. Once the student begins pro-
ducing low-motion blocks, all subsequent blocks condition on this
static history, creating a compounding feedback loop that reinforces

1Reproduction details for Figure 2 are provided in the supplementary material.
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Figure 3: Overview of DynaForcing. Three strategies intervene at different levels of the self-forcing training pipeline: (a) Hybrid
Forcing at the input level, (b) dynamics-aware reward regularization at the loss level, and (c) reference perturbation at the
conditioning level.

collapse across the sequence. The key insight is not autoregression
per se, but the absence of any ground-truth signal in the conditioning
path. Figure 2c validates this analysis: under identical evaluation,
CausVid [39], which conditions each block on noisy ground-truth
frames, maintains stable dynamics (mean 0.43) while self-forcing
collapses to 0.
Analysis: Why avatar generation is particularly affected.
While dynamic collapse can occur in general video distillation,
audio-driven avatar generation is particularly susceptible because:
(i) the task requires fine-grained temporal dynamics (precise lip
shapes for each phoneme, micro-expressions), making any dynam-
ics reduction immediately noticeable; and (ii) the static-scene prior
(fixed background, stable identity) means that a zero-motion output
already satisfies most of the visual quality requirements, leaving
little gradient pressure toward dynamics.

4.2 Hybrid Forcing: Data-Anchored Rollout
To break the feedback loop of dynamic collapse, we propose Hy-
brid Forcing, which probabilistically injects ground-truth dynamics
into the self-forcing rollout at the starting point level, providing
an anchor that counteracts mode collapse under unanchored self-
conditioning.

At each training step, we sample a mode for the entire rollout
(i.e., the decision is per-sample, applied uniformly to all blocks).
Denoting the full sequence starting point as z = [𝐵1start, . . . , 𝐵𝐾start],
each block’s starting point is:

𝐵𝑖start =

{
𝐵𝑖
𝑇
∼ N(0, I), w.p. 1 − 𝑝data,

Ψ(𝐵𝑖GT, 𝑡start), w.p. 𝑝data,
(5)

where 𝐵𝑖GT is the ground-truth video latent, Ψ(·, 𝑡) is the forward
noise scheduler, and 𝑡start ∼ {𝑡0, . . . , 𝑡𝐾−1} is sampled from the 𝐾
noise levels in the few-step denoising schedule. In data-anchored
mode, the student starts from a noised ground-truth rather than
pure noise, preserving temporal dynamics (motion patterns, lip
movements) as structural information that the student must refine.

The DMD loss is then computed on the student’s denoised output
regardless of the starting mode. When starting from data-anchored
points, the loss gradient points toward dynamically-rich outputs,
providing an escape direction from the zero-motion basin. The KV
cache always uses the student’s own representations (noisy, per
timestep-forcing), maintaining train-test alignment.
Why data-anchored starting points help. A noised ground-
truth latent Ψ(𝑥GT, 𝑡) = 𝛼𝑡𝑥GT + 𝜎𝑡𝜀 retains recoverable structure
(motion cues, temporal dynamics, spatial layout) as long as the
signal-to-noise ratio 𝛼𝑡/𝜎𝑡 is not too small. A pure Gaussian start
𝑧 ∼ N(0, I) carries none of this information, forcing the student
to reconstruct everything from its imperfect learned prior. We
formalize this intuition in the supplementary material, showing
that data-anchored starts yield a tighter Wasserstein bound on the
denoised output.
Starting-step probability redistribution. Starting from 𝑡start
means themodel only traverses the denoising sub-trajectory 𝑡start →
· · · → 𝑡0 (Eq. 5), so noisier levels receive less training coverage.
Backward simulation [37], which self-forcing inherits, addresses
a similar coverage issue for pure-noise starts. To compensate in
the data-anchored case, we redistribute the sampling probability of
𝑡start: since 𝑡0 already operates at high SNR where strong dynamic
priors are preserved and little denoising correction is needed, we
concentrate mass on early steps, which retain the most dynamic
structure from the ground truth while still requiring non-trivial
denoising.

4.3 Dynamics-Aware Reward Regularization
Framework. As discussed in §3.2, DMD can be viewed through an
RL lens where the score difference serves as an implicit reward [17].
However, this implicit reward can be fully satisfied bymode collapse
(concentrating on high-likelihood static content), since it measures
distributional realism, not temporal richness. We introduce an ex-
plicit dynamics reward 𝑅dyn as an additional return signal that
directly penalizes static outputs. Following the reward-weighted
distillation framework [16, 17], we integrate 𝑅dyn by exponentially

4
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reweighting the DMD gradient:

∇𝜃LDynaForcing = −E𝑡,z
[
exp

(
𝛼 · sg(𝑅dyn)

)
·
(
𝑠real − 𝑠fake

)⊤ 𝜕𝐺𝜃 (z)
𝜕𝜃

]
, (6)

where sg(·) denotes the stop-gradient operator and 𝛼 controls
the reward strength. This amplifies the DMD gradient for sam-
ples with rich dynamics and suppresses it for static outputs, ap-
proximating optimization toward a reward-tilted target 𝑝 (x) ∝
𝑝teacher (x) exp(𝛼𝑅dyn (x)), analogous to reward-weighted regres-
sion in offline RL [22].
Reward implementation. Let V̂= [𝐵̂10, . . . , 𝐵̂𝐾0 ] denote the student-
rolled video. We define the dynamics reward as:

𝑅dyn (V̂, a) = 𝜆sync · �Sync-C(V̂, a) + 𝜆exp ·�ExpVar(V̂), (7)

where �Sync-C is the normalized lip-sync confidence from a pre-
trained SyncNet [2] and �ExpVar is the normalized standard devia-
tion of 3DMM expression coefficients across frames [42]. Both are
computed on decoded video frames and normalized to [0, 1] via
running statistics. 𝑅dyn is treated as a constant during backpropaga-
tion (stop-gradient), so only the score terms and generator Jacobian
carry gradient flow, making this fully compatible with standard
DMD training.

4.4 Reference Perturbation
We identify that standard training practice induces a complemen-
tary source of dynamics suppression at the conditioning level: the
reference image leaks far more information than identity alone.
The copy-dominance problem. In avatar generation, the refer-
ence image 𝐼 is typically sampled from the same video clip as the
target. Since reference and target share scene, background, view-
point, and often similar pose, the model learns a shortcut: copy the
reference frame with minimal modification, rather than generating
genuine audio-driven dynamics. The reference is meant to supply
only identity, but in practice it leaks far more, suppressing the need
for temporal generation.
Perturbing references to decouple identity. To decouple iden-
tity from extraneous visual details, we perturb reference images so
that they retain identity but vary in other attributes. Specifically,
we use an off-the-shelf image editing model [34] to generate per-
turbed reference images from the training set. Given a reference
frame 𝐼 , we apply semantic-preserving edits (viewpoint variation,
background modification, lighting changes) that break pixel-level
correspondence between reference and target while preserving
identity. By training with these perturbed references, the model is
forced to extract only identity information from the reference and
rely on the audio signal for temporal dynamics, rather than copying
static content. Detailed prompts are provided in the supplementary
material.
Similarity-calibrated sampling. Not all perturbed references
are equally useful. We filter and organize them using a two-stage
criterion: (1) Identity filtering: we compute ArcFace [5] cosine simi-
larity between the perturbed reference and the original, retaining
only pairs with similarity > 𝜏arc to ensure identity consistency.
(2) Perturbation-aware bucketing: for retained pairs, we compute
the structural similarity (SSIM [33]) between the perturbed and orig-
inal images and partition pairs into 5 buckets of width 0.15 spanning
[0.25, 1.0]. During training, we uniformly sample across buckets,

ensuring the model sees a balanced distribution from near-identical
to substantially different reference-target pairs. This balanced cur-
riculum prevents the model from relying on the copy shortcut,
forcing it to generate genuine audio-driven dynamics.

4.5 Efficient Self-Forcing Training
Self-forcing training is memory-intensive because the full rollout
graph must be retained for backpropagation [9]. We introduce two
optimizations that substantially reduce memory requirements.
Computation graph pruning. We empirically observe that cross-
block gradients (propagated through the KV cache) have negligible
impact on training outcomes, yet significantly increase memory
pressure. We therefore detach the KV cache from the computation
graph, removing cross-block gradient dependencies.
Block-wise gradient replay. With cross-block gradients elim-
inated, we adopt a two-phase training procedure. In the rollout
phase, the entire sequence is generated with gradients disabled, and
intermediate results (latent outputs, KV cache entries) are stored in
memory. In the replay phase, we iterate over blocks one at a time:
for each block, we re-enable gradients and run a single forward
pass using the stored intermediates, then compute and accumu-
late the DMD gradient. This reduces peak activation memory by
∼𝐾× (where 𝐾 is the number of blocks), at the cost of 𝐾 additional
forward passes.

5 Experiments
5.1 Experimental Setup
Implementation details.Our approach is built upon theWanS2V [8]
(14B). The training process is divided into two stages. For Stage 1,
we strictly follow the diffusion-forcing pretraining protocol intro-
duced by LiveAvatar [10], while our proposed modifications are
exclusively applied during Stage 2. During the inference phase, we
employ the TPP strategy from [10] to generate videos at a reso-
lution of 720×400. Regarding the optimization hyperparameters,
we set the probability 𝑝data to 0.3. We intentionally concentrate
the starting-step probability mass on the early noise levels by as-
signing 𝑝 (𝑡1) = 0.70, alongside 𝑝 (𝑡0) = 𝑝 (𝑡2) = 0.15. Furthermore,
the reward weights are configured as follows: the synchronization
weight 𝜆sync is 1.0, the expression weight 𝜆exp is 0.5, and the bal-
ancing factor 𝛼 is 0.1. We also establish an ArcFace threshold of
𝜏arc = 0.9. Finally, our model is trained for 4,000 steps on eight
NVIDIA H100 GPUs. For the DMD optimization, we use a learning
rate of 1× 10−5 for the student and 2× 10−6 for the fake score, with
an update frequency ratio of 5.
Datasets.We train our model on the AVSpeech dataset [6], utilizing
the preprocessing pipeline introduced by OmniAvatar [7]. This
resulting training corpus consists of 400,000 samples, with all video
clips having a duration of more than 10 seconds. For evaluation,
we adopt two benchmark datasets from [10]. The first is GenBench-
ShortVideo, which includes 100 samples that are approximately
10 seconds long, and the second is GenBench-LongVideo, which
comprises 15 samples with durations exceeding 5 minutes.
Evaluation metrics. We adopt standard metrics: Q-Align [35]
for perceptual quality (IQA) and aesthetic appeal (ASE), Sync-C
and Sync-D [2] for audio-visual synchronization, DINOv2 [21]
cosine similarity (Dino-S) for identity consistency. We additionally
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Table 1: Quantitative comparison onGenBench-ShortVideo (∼10 s) andGenBench-LongVideo (>5min) [10]. Bold: best. Underline:
second best. ↑/↓: higher/lower is better. FPS is resolution- and hardware-dependent (720×400, single H800 node) and identical
across benchmarks.

Method
Standard Metrics Dynamics

ASE↑ IQA↑ Sync-C↑ Sync-D↓ Dino-S↑ FPS↑ ExpVar↑ Dyn-Deg↑
GenBench-ShortVideo

Non-realtime
WanS2V [8] 3.36 4.29 5.89 9.08 0.95 0.25 1.81 0.72
OmniAvatar [7] 3.53 4.49 6.77 8.22 0.95 0.16 1.95 0.75
Hallo3 [3] 3.12 3.97 4.74 10.19 0.94 0.26 1.48 0.57
StableAvatar [30] 3.52 4.47 3.42 11.33 0.93 0.64 1.23 0.51
EchoMimic-V2 [19] 2.82 3.61 5.57 9.13 0.79 0.53 1.56 0.60
Realtime
Ditto [13] 3.31 4.24 4.09 10.76 0.99 21.80 0.94 0.37
LiveAvatar [10] 3.44 4.51 7.03 8.30 0.96 45.2 0.69 0.31
SoulX-FlashTalk [25] 3.48 4.53 7.12 8.25 0.96 32.5 0.81 0.35
DynaForcing (Ours) 3.55 4.58 7.68 7.89 0.96 45.2 2.02 0.73

GenBench-LongVideo
Non-realtime
WanS2V 2.63 3.99 6.04 9.12 0.80 0.25 1.63 0.65
OmniAvatar 2.36 2.86 8.00 7.59 0.66 0.16 2.06 0.71
Hallo3 2.65 4.04 6.18 9.29 0.83 0.26 1.36 0.53
StableAvatar 3.00 4.66 1.97 13.57 0.94 0.64 1.07 0.44
Realtime
Ditto 2.90 4.48 3.98 10.57 0.97 21.80 0.76 0.35
LiveAvatar 3.42 4.76 7.16 8.31 0.97 45.2 0.57 0.28
SoulX-FlashTalk 3.40 4.72 7.08 8.18 0.96 32.5 0.67 0.32
DynaForcing (Ours) 3.50 4.82 8.05 8.02 0.97 45.2 1.93 0.68

report dynamics metrics: ExpVar (standard deviation of 3DMM
expression coefficients across frames [42], measuring expression
dynamics) and VBench [11] Dyn-Deg (dynamic degree, measuring
temporal variation diversity).
Baselines. We compare with methods spanning two paradigms:
(1) Non-realtime multi-step diffusion models: WanS2V [8] (teacher),
OmniAvatar [7], Hallo3 [3], StableAvatar [30], EchoMimic-V2 [19];
(2) Realtime streaming models: Ditto [13], LiveAvatar [10], SoulX-
FlashTalk [25]. All benchmarked at 720×400 on a single H800 node.
For methods with strict requirements on reference image aspect
ratio or subject positioning (SoulX-FlashTalk and EchoMimic-V2),
we use their official open-source inference pipelines without mod-
ification to ensure fair comparison. The “self-forcing baseline” in
ablations denotes standard self-forcing trained for 4,000 steps, iden-
tical to DynaForcing but without our three proposed components.

5.2 Main Results
GenBench-ShortVideo. Table 1 (top) presents results. Realtime
self-forcing models (LiveAvatar, SoulX-FlashTalk) achieve strong
visual quality but suffer severely on dynamics: LiveAvatar’s ExpVar
(0.69) is 62% lower than its teacher WanS2V (1.81), and its Dyn-Deg

(0.31) is less than half of OmniAvatar (0.75), confirming dynamic
collapse as a systematic issue. DynaForcing recovers dynamics to
teacher-comparable levels: Dyn-Deg rises from 0.31 to 0.73 (teacher:
0.72), ExpVar from 0.69 to 2.02, and Sync-C from 7.03 to 7.68. That
ExpVar slightly exceeds the teacher (2.02 vs. 1.81) is consistent with
the known tendency of DMD-distilled models to concentrate output
distributions [18, 28]; our reward regularization further steers this
concentration toward dynamically-rich modes. Note that Sync-C
and ExpVar are both components of our training reward, so gains on
these two metrics alone cannot rule out reward hacking. We there-
fore highlight Dyn-Deg, which is not optimized during training yet
recovers from 0.31 to 0.73 (matching the teacher’s 0.72), as indepen-
dent evidence of genuine dynamics recovery. The user study (§5.4)
further corroborates this with strong human preference on motion
naturalness. Moreover, by stabilizing dynamics throughout train-
ing, DynaForcing avoids the early quality–dynamics trade-off that
forces vanilla self-forcing to stop prematurely, enabling full conver-
gence and thus improved visual quality as a byproduct (ASE/IQA:
3.55/4.58 vs. 3.44/4.51). FPS remains 45.2 as our contributions are
training-side only.
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Figure 4: Qualitative comparison on GenBench-LongVideo. Frames sampled at 2 s, 200 s, and 400 s from the same driving audio.
Please refer to the supplementary video for dynamics comparison.

GenBench-LongVideo. Table 1 (bottom) shows that the dynamics
advantage of DynaForcing holds on long-form generation (>5min).
LiveAvatar’s ExpVar further drops from 0.69 (short) to 0.57 (long)
as static representations accumulate in the KV cache, while Dy-
naForcing maintains strong dynamics (ExpVar 1.93) alongside the
best visual quality and synchronization.
Qualitative results. Figure 4 shows representative frames from all
compared methods. We refer readers to the supplementary video
for a more faithful comparison of expression dynamics, which static
frames cannot fully convey.
Training stability. Figure 5 shows the training dynamics of our
full DynaForcing. Unlike vanilla self-forcing (Figure 2b), where
dynamics metrics peak early and then collapse, DynaForcing’s
Sync-C and ExpVar rise within the first ∼1,000 steps and remain
stable throughout training. Meanwhile, quality metrics (ASE, IQA)
steadily improve and plateau around 4,000 steps. This confirms that
our method resolves the quality–dynamics trade-off throughout
the entire training process, rather than relying on early stopping at
a favorable checkpoint.

5.3 Ablation Studies
All ablations are evaluated on GenBench-ShortVideo unless other-
wise noted.
Diagnostic ablation: isolating rollout feedback. To test our
hypothesis that unanchored self-conditioning amplifies collapse
(§4.1), we compare two training paradigms under identical set-
tings (4,000 steps, same DMD loss, no DynaForcing components):
(i) Self-forcing, where each block’s context is built from the stu-
dent’s own outputs; (ii) GT-anchored (CausVid-style), which follows
CausVid [39] and processes all blocks in parallel on noised ground-
truth latents with a blockwise causal mask. The core difference
between the two paradigms is the conditioning source (student
output vs. ground-truth).

0 1000 2000 3000 4000 5000
Training Step

0
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3

4

5

6

7

8
Sc

or
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DynaForcing Training Dynamics

IQA
ASE
Sync-C
ExpVar

Figure 5: Training dynamics of DynaForcing. Unlike vanilla
self-forcing (Figure 2b), dynamics metrics (Sync-C, ExpVar)
stabilize after ∼1K steps without degradation, while quality
metrics improve steadily.

Table 2: Diagnostic ablation: isolating rollout feedback. GT-
anchored training conditions on ground-truth latents; self-
forcing conditions on the student’s own outputs.

Configuration ASE↑ Sync-C↑ ExpVar↑ Dyn-Deg↑
Self-forcing 3.44 5.48 0.69 0.31
GT-anchored (CausVid-style) 3.38 6.85 1.36 0.52

Table 2 reveals a stark contrast. Self-forcing achieves slightly
higher visual quality (ASE) but severely suppressed dynamics (Sync-
C: 5.48, Dyn-Deg: 0.31), confirming dynamic collapse under unan-
chored self-conditioning. GT-anchored training, which anchors
every block to ground-truth context, recovers substantial dynamics
(ExpVar: 0.69→1.36, Dyn-Deg: 0.31→0.52) and lip-sync accuracy
(Sync-C: 5.48→6.85). This supports our claim that the conditioning
source, not DMD distillation itself, is the primary driver of collapse.
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Table 3: Component ablation. Each row removes one compo-
nent from full DynaForcing.

Configuration ASE↑ Sync-C↑ ExpVar↑
DynaForcing w/o Hybrid Forcing 3.57 6.78 1.18
DynaForcing w/o Reward Reg. 3.55 7.35 1.75
DynaForcing w/o Ref. Perturbation 3.52 7.58 1.92
DynaForcing (full) 3.55 7.68 2.02

Table 4: Effect of Hybrid Forcing probability 𝑝data on full
DynaForcing (varying 𝑝data only).

𝑝data ASE↑ Sync-C↑ ExpVar↑ Dino-S↑
0.1 3.56 7.19 1.42 0.96
0.3 3.55 7.68 2.02 0.96
0.5 3.53 7.64 2.03 0.95
1.0 3.42 7.62 2.10 0.93

Table 5: Training efficiency: full DynaForcing with and with-
out our efficiency optimizations (§4.5), both trained for 4,000
steps.

GPUs GPU·h ASE↑ Sync-C↑ ExpVar↑
w/o eff. optim. 128×H100 7,111 3.56 7.66 2.04
w. eff. optim. 8×H100 667 3.55 7.68 2.02

However, GT-anchored training alone does not fully close the gap
to the teacher (ExpVar still below 1.81), indicating that reverse-KL
mode-seeking contributes independently.
Component-wise ablation. Table 3 presents component contri-
butions. Removing Hybrid Forcing causes the largest drop in both
dynamics (ExpVar 2.02→1.18) and lip-sync (Sync-C 7.68→6.78),
confirming data-level anchoring as the most critical component;
notably, ASE slightly increases (3.55→3.57), consistent with the
quality–dynamics trade-off observed in the 𝑝data sweep. Removing
Reward Regularization most degrades Sync-C among the remain-
ing components (7.68→7.35), as it directly optimizes lip-sync via
the dynamics reward. Removing Reference Perturbation has the
smallest individual effect but still contributes (ExpVar 2.02→1.92).
All three together achieve the best overall balance.
Hybrid Forcing probability. Table 4 sweeps the mixing proba-
bility. 𝑝data = 0.3 achieves the best overall balance. Reducing 𝑝data
to 0.1 yields slightly higher visual quality (ASE 3.56) but substan-
tially degrades lip-sync (Sync-C 7.68→7.19) and dynamics (Exp-
Var 2.02→1.42), as the model receives insufficient ground-truth
anchoring. Increasing 𝑝data beyond 0.3 continues to improve Exp-
Var (reaching 2.10 at 𝑝data = 1.0) thanks to stronger ground-truth
anchoring, but at the cost of significant train-test mismatch: the
model gets less self-forcing practice, degrading visual quality (ASE
3.55→3.42) and identity consistency (Dino-S 0.96→0.93) at infer-
ence. 𝑝data = 0.3 thus strikes the best balance between dynamics
recovery and generation quality.

Table 6: User study: preference rate (%) for DynaForcing over
competing realtime methods.

vs. Visual Lip-Sync Motion Overall

LiveAvatar 58.4 71.2 80.6 72.8
SoulX-FlashTalk 55.2 64.8 74.2 66.4

Training efficiency. Table 5 compares full DynaForcing trained
with and without our efficiency optimizations. Graph pruning com-
binedwith block-wise gradient replay reduces the GPU requirement
from 128 to 8 H100s, and total GPU-hours from 7,111 to 667 (∼10.7×
reduction) despite a∼1.5× per-step wall-clock overhead from replay.
Quality metrics remain essentially unchanged (ASE differs by 0.01,
Sync-C by 0.02, ExpVar by 0.02), confirming negligible degradation
from the approximations.

5.4 User Study
We conduct a pairwise user study comparing DynaForcing against
the two strongest competing realtime methods (LiveAvatar and
SoulX-FlashTalk). 25 participants evaluate 20 randomly selected
GenBench-ShortVideo samples across four dimensions: visual qual-
ity, lip-sync accuracy, motion naturalness, and overall preference.
Videos are presented side-by-side with randomized left/right place-
ment and synchronized audio. Paired 𝑡-tests confirm statistical
significance (𝑝 < 0.01) across all dimensions.

Table 6 shows that DynaForcing is consistently preferred, with
the largest advantage on motion naturalness (80.6% vs. LiveAvatar).
Visual quality preference is more modest (58.4%), consistent with
the small ASE/IQA gap in Table 1.

6 Conclusion
In the context of audio-driven avatar generation, we have identi-
fied and empirically characterized dynamic collapse, a failure mode
of self-forcing distillation where the reverse KL objective and au-
toregressive feedback jointly drive the student toward near-static
outputs, suppressing the fine-grained temporal dynamics essential
for faithful talking-head synthesis. To address this, we proposed
DynaForcing, combining three strategies at different levels of the
training pipeline: Hybrid Forcing (data-level), Dynamics-Aware
Reward Regularization (loss-level), and Reference Perturbation
(conditioning-level). Together with computation graph pruning
and gradient replay that reduce GPU requirements by ∼10×, Dy-
naForcing makes dynamically-faithful self-forcing training both
more effective and accessible. Experiments demonstrate substantial
improvements in motion naturalness and audio-visual faithfulness
while preserving visual quality.
Limitations. Our dynamics reward relies on pretrained SyncNet
and 3DMM expression estimation models, whose biases may in-
fluence training outcomes. The current analysis focuses on audio-
driven avatar generation; while we hypothesize that dynamic col-
lapse occurs more broadly in video self-forcing, systematic evalua-
tion across other domains (e.g., text-to-video) is left for future work.
The ∼1.5× wall-clock overhead from gradient replay, while accept-
able, may be further reducible with more sophisticated memory
management strategies.
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