>—4)
MEQW

—LAB—

From Scores to Samples: Elastic Forcing
for Autoregressive Video Generation
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Figure 1. Few-step autoregressive video generation with Elastic Forcing. Five-step generation samples from our
autoregressive Wan-14B model, post-trained for 23 hours on 8 H200 GPUs.

Abstract

Few-step autoregressive video generation commonly relies on Distribution Matching Distillation (DMD),
requiring a bidirectional diffusion teacher and an online fake-score model. We instead learn the rollout
distribution directly from reference videos, eliminating both score models during post-training. Our
framework minimizes maximum mean discrepancy (MMD) in frozen self-supervised video representation
spaces, using a hybrid Nystrom—Monte Carlo estimator to balance approximation bias and sampling
variance. Memory-efficient replay and gradient subsampling make this objective practical. Using the same
architecture and initialization as Self-Forcing, our 1.3B model improves the VBench Total score from
83.80 to 84.64 while retaining 17 FPS. Removing auxiliary score models also enables 14B post-training
on eight H200 GPUs. Beyond distillation, learning from reference videos enables the acquisition of new
visual styles, semantic concepts, and spatial priors without a target-specific diffusion teacher.
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1 Introduction

Streaming video generation [12, 30, 48] is becoming increasingly important for applications that require
interactive and continuous synthesis, including game simulation [34, 71], virtual livestream interaction [93],
world modeling [8, 83], and embodied intelligence [11, 79]. Streaming requires both causal continuation
and low-latency synthesis, motivating few-step autoregressive models that generate each chunk through a
short denoising trajectory. Denoising-based training with noisy or self-resampled histories [12, 30] addresses
imperfect context, but does not directly optimize the distribution produced by a fixed few-step sampler.
Self Forcing [37] further addresses this setting through distributional post-training on the generator’s own
autoregressive rollouts.

Most Self-Forcing-based methods adopt Distribution Matching Distillation (DMD) [87], which obtains
distributional gradients from a pretrained bidirectional diffusion teacher and an auxiliary model estimating
the generated distribution’s scores. Maintaining these score networks incurs substantial training overhead,
while teacher-based supervision bounds the students capabilities by the teacher’s knowledge. This raises a
natural question: can we optimize autoregressive rollouts directly against reference videos, without relying on
auxiliary score models?

Maximum Mean Discrepancy (MMD) [29] offers a sample-based alternative by matching distributions
through kernel comparisons, and has been explored for image generation [18, 20, 23, 44, 46]. However, small
reference and generated minibatches can yield noisy training signals [7, 23], while increasing their sizes is
particularly costly for videos. Making sample-based supervision practical therefore requires reliable estimates
within the memory and computation constraints of video training, rather than simply relying on larger batches.

We introduce Elastic Forcing, an efficient sample-based framework for post-training few-step autoregressive
video generators. We retain Self Forcing’s rollout procedure but replace DMD with MMD in frozen
representation spaces that capture video appearance and temporal dynamics. Reference videos directly define
the training target, eliminating the need for either a diffusion teacher or an online fake-score model during
distributional post-training.

Our design treats the fixed reference distribution and the evolving generated distribution differently. On
the reference side, a hybrid estimator combines a persistent, finite-rank Nystrom summary of the full
reference collection with Monte Carlo estimates from sampled references. The persistent component reduces
reference-sampling variance, while the sampled component reduces the approximation bias of finite-rank
compression. Each update thus incorporates reference statistics beyond its minibatch without exhaustive
comparisons against the full collection. On the generated side, estimation—differentiation decoupling evaluates
MMD interactions over a large rollout population in representation space, then backpropagates through only a
randomly sampled subset. Appropriate rescaling yields a conditionally unbiased estimate of the evaluated
full-batch gradient, allowing all evaluated rollouts to inform the objective while only a subset incurs generator
backpropagation.

Under matched initialization and evaluation with a 1.3B generator, Elastic Forcing achieves a VBench [38]
Total score of 84.64, compared with 83.80 for Self Forcing, while retaining the same inference efficiency.
Training 14B-scale models with Self-Forcing typically requires industrial-scale GPU infrastructure [55],
whereas removing both auxiliary score networks also enables us to train a 14B generator on only 8 GPUs,
and achieves stronger results than the industrial autoregressive video generation models under matched
evaluation settings. We further conduct additional experiments with different reference collections, including
monochrome appearance, character-specific content, and panoramic composition, demonstrating that Elastic
Forcing can adapt to novel concepts beyond the capabilities of a fixed teacher.
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Figure 2. Demonstration of Elastic Forcing. Instead of learning the distribution from teacher provided real and fake
scores, Elastic Forcing directly learns autoregressive video rollouts from reference samples

2 Preliminaries

2.1 Few-Step Autoregressive Rollout Learning

Given a condition ¢, an autoregressive generator models a video x = (xy, ..., x7) as a sequence of causal
chunks:
T
polxl o) =] | potxilxai0). (1)
i=1

We consider diffusion-based generators that synthesize each chunk in a small number of denoising steps,
combining causal generation across chunks with few-step sampling within each chunk [37, 88]. Self
Forcing [37] trains on autoregressive rollouts whose histories consist of previously generated chunks, rather
than ground-truth histories, and supervises the resulting video distribution.

Distribution Matching Distillation (DMD) [86, 87] provides one such distributional objective. Writing
Pe.:r and pt,, for the noise-perturbed rollout and teacher distributions, its objective takes the form Lpwmp =
E;[Dkr(po.:llpt,r)]. Optimization uses the difference between their score functions. The target score is
supplied by a pretrained diffusion teacher, while an auxiliary model is trained online to estimate the score of
the evolving generated distribution.

2.2 Maximum Mean Discrepancy

Maximum mean discrepancy (MMD) [29] compares distributions through kernel mean embeddings [57]. For
distributions P, Q on a representation space and a positive-definite kernel &, its squared value is

MMD; (P, Q) = B -p[k(z,2)] = 2Bop, u~g [k(z,u)] + Buw~o[k(u,u")], 2

where draws within each expectation are independent. MMD can be estimated directly from samples, without
evaluating either distribution’s density or score. Its training signal nevertheless depends on finite-sample
estimates of both generated and reference statistics. Larger sample sets can improve these estimates, but
naively retaining an end-to-end computation graph for every generated video ties sample coverage to activation
memory and backward computation. Section 3 addresses this statistical-computational trade-off.



3 Elastic Forcing

Elastic Forcing matches few-step autoregressive rollouts to reference videos using MMD in frozen representa-
tion spaces. Its design addresses the statistical-computational trade-off of video distribution learning in two
complementary ways. Hybrid reference estimation improves the accuracy—stability balance when reference
minibatches are limited, while estimation—differentiation decoupling allows a larger rollout population to
inform the loss than is backpropagated through the generator. We first define the video matching objective
(Section 3.1), then develop the hybrid estimator (Section 3.2) and selective differentiation scheme (Section 3.3).
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Let py denote the distribution of complete autoregressive
rollouts under the training prompts and generation noise. A
reference collection Dyer = { yn}rltvflf defines the empirical
target distribution p..r. MMD can directly compare these
distributions from samples, but its effectiveness depends
on the geometry induced by the kernel. In our experiments,
computing MMD in pixel or VAE-latent space provides
an ineffective training signal. Appendix D.1 compares
VAE-latent and pretrained-feature matching qualitatively = CIEE
(Figure 8). Following representational distribution match- /a @
ing in image generation [ 18, 23], we instead compare frozen K
pretrained features. For video, these features must describe -
both spatial content and its temporal evolution. T R
We use representations learned under three distinct ob- Figure 3. A 2D 10y experiment, illustrating the effect of
Jectives. V-JEPA 2 [3] supplies predictive video features  gyprid estimation of MMD.
for temporal dynamics. VideoMAE [69, 74] captures spa-
tiotemporal structure through masked video reconstruction. DINOv3 [64] adds spatially localized, frame-level
semantic features. For encoder ¢, and differentiable positive-definite kernel k., let P§, = (¢.)spo and
Pfef = (¢¢)uprer denote the induced representation distributions. Our objective is
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where & = {VJ], VM, DINO} and 1, > 0 balances the representation-specific constraints. The MMD objective
is defined in Equation (2). Setting Apmvo = 0 recovers the two-video-encoder variant. We report both
configurations and examine their qualitative—quantitative trade-off in Section 4.

MMD measures the distance between the distributions’ mean kernel features [29]. It can be evaluated
through pairwise kernel values, without constructing the implicit features or an explicit covariance matrix.
Define

mz (z) = Ez'~P§ ke(z, Z,), mfef(z) = Eu~Pfcfke (z,u). 4

Each kernel mean measures a query’s expected similarity to one population. Equation 2 gives

Loz BopsIm§(] - 2 Bepelm%(] )
N———— ————
generated—generated interaction generated—reference interaction

where = omits the reference—reference term E,, -~ prifke (u,u"), which is independent of 8; all paired draws
are independent. For distance-decaying kernels, minimizing the first term acts as repulsion among generated
representations, while minimizing the second acts as attraction toward references [2]. Estimating these
interactions introduces a statistical-computational trade-off. Small minibatches produce noisy direction
estimates, while including more samples is bounded by computes. This trade-off is particularly restrictive for



video DiTs with large activation requirements [61, 72]. We address this trade-off from the estimation of both
the reference and generated distributions in Section 3.2 and Section 3.3 respectively.

3.2 Reference Side: Hybrid Estimator

We first address the reference-estimation bottleneck: obtaining reliable reference supervision when minibatches
are limited. All reference-dependent supervision is summarized by the kernel mean my,.(z). Evaluating
it exactly requires comparing each generated query against all N, reference videos, whereas a reference
minibatch gives the Monte Carlo estimate

ref

B
., 1 i,
ic(2) = 5~ Dlke(zge()). ¥ prer. 6)
T 7=

This estimator is unbiased for the empirical reference mean, but can have substantial sampling variance when
Bier is small. Rather than relying solely on larger reference minibatches, we complement it with a compact,
persistent summary of the full reference collection. The aim is to incorporate reference information beyond
the current minibatch without repeatedly evaluating the entire collection.

Formally, we approximate the reference kernel mean using a finite set of landmark kernel functions,
yielding a Nystrom approximation [10, 23, 78]. We obtain R landmarks U, = {u¢ }le by applying k-
means to the reference representations {gbg(yn)}f:lf [94]. Let [K{ylrs = ke(uy,ug) and ke(Ue,z) =
[ke (uf, 2),. . ke(uf, z)] " collect the landmark—query kernel values. The resulting feature map is

Ve(2) = (Kfyy + &)™ ke (Ue, 2), (7)

where & > 0 provides numerical regularization. The induced kernel k¢ (z, u) = Y. (z) T (1) has rank at most
R. Under this finite-rank approximation, the reference kernel mean becomes

1 Nref
meNys(Z) = l//e(Z)T/jea He = Noot Z‘!’e(¢e(yn))- (8)
ref 1=

With the encoders, kernels, and reference collection fixed, (. is computed once. Subsequent queries require
only R landmark kernel evaluations, while the stored mean incorporates statistics from the full reference
collection.

This finite-rank restriction can introduce approximation bias, and regularization introduces additional
approximation error. Once the summary is fixed, however, its value at a fixed query has no reference-minibatch
sampling variance. Monte Carlo estimation has the complementary property: it is unbiased but noisy. We
combine the two estimates through

Mg, (2) = (1 = @e)myy (2) + aeimyc(2),  ae € [0, 1]. )

This combination admits a direct bias—variance interpretation. Conditioning on the reference collection and
landmarks, let B2 denote the squared Nystrom approximation bias averaged over a fixed query distribution,
and V, the Monte Carlo variance averaged over the same distribution. Since the Monte Carlo estimator is
unbiased, for B2 > 0 and V,, > 0 the MSE-optimal coefficient is

BZ
X =argmin [(1 — @)?B2 + a?V,| = —<— € (0, 1). (10)
¢ aclo] [ ¢ g BZ+V,

At this optimum, the hybrid achieves lower reference-estimation MSE than either estimator alone. A larger
approximation bias favors sampled references, whereas greater sampling variance favors the persistent
summary. Appendix C.3 provides the derivation. Figure 3 illustrates the three algorithms in a toy experiment,
in which the hybrid estimator yields best convergence.
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Figure 4. Qualitative comparison with CausVid and Self Forcing. Red text highlights key prompt requirements, and red
circles indicate representative failure cases. In these examples, our method demonstrates more faithful action execution,
better preservation of subject counts, and more coherent interactions across frames.

3.3 Generated Side: Decoupling Estimation from Differentiation

Unlike the fixed reference distribution, pg changes after each update. We therefore can only estimate its
contribution using fresh on-policy rollouts. Given B > 1 rollouts {x,} -, and representations z{ = ¢, (x;), the
finite-batch training loss is

B
—~ 1 2
= e e €9 - = me ¢ . 11
LEF eezs/l B(B—l);k (Zl Z]) Bizzlmae(zl) ( )

Calculating and backpropagating .ZEF end-to-end with a B large enough for statistical estimation is impractical,
since video DiTs requires substantially more activation memory per sample than image generators. Meanwhile,
ordinary gradient accumulation does not recover the same full-batch MMD gradient, because each rollout’s
gradient depends on the representations from the full batch, and computing the loss independently on each
microbatch omits cross-microbatch interactions.

Our key observation is that these interactions require joint access to the representations, not simultaneous
retention of all rollout graphs. We can thus evaluate the hybrid objective over the full population before
selectively propagating its representation gradients through the generator, separating MMD evaluation from
gradient backpropagation. Given a batch of B current rollouts, we first compute their representations {z¢ f :
without retaining the full generator graphs and evaluate Eq. (13) over the complete batch. We then differentiate
the MMD objective only with respect to the representations, obtaining g = 8 Ler /0z¢ . Once these cotangents
are known, the cross-video interaction has already been resolved: each g¢ can be propagated through its
corresponding rollout independently. We therefore replay the required generator computation locally, inject
g¢ at the encoder output, and release the graph immediately after backpropagation. In practice, we retain only
sparse boundary states during the initial rollout so that replay can be performed segment by segment rather
than from scratch [15].



This separation further allows the distribution batch and the differentiation batch to have different sizes.
While all B rollouts participate in MMD estimation, we uniformly sample a subset S C {1,..., B} of size b

for reverse computation:
_— B T 0z¢
W Y LA RS
ieSeed

Under uniform sampling, this is an unbiased estimator of the full-batch gradient [36]. Thus, a large set of fresh
on-policy rollouts can still define the generated distribution accurately, while memory and reverse-computation
cost are controlled by the much smaller differentiation batch b. We further discuss the effect of different
differentiation batches in Appendix C.4.

Overall training procedure. We precompute the persistent reference statistics once. At each update,
we combine them with a sampled reference minibatch and evaluate the hybrid MMD objective on B fresh
autoregressive rollouts. The resulting representation gradients are propagated through b selected rollouts
using replay, followed by a single generator update. Only the generator is optimized; the encoders and
persistent reference summaries remain fixed throughout post-training. Complete pseudocode is provided in
Appendix C.

4 Experiments

Setup. We evaluate generation quality, the

components of Elastic Forcing, and its scal- Table 1. VBench video generation. We report the VBench total, quality

ability from 1.3B to 14B parameters. Our (Qual.), and semantic (Sem.) scores.

1.3B experiments use the same autoregressive VBench 1
architecture, ODE-initialized checkpoint, and =~ Model Size FPST  Total  Qual. Sem.
rollout procedure as Self Forcing [37]. For  pypsequence diffusion
elastic-forcing training, we use over 8,000  LTX-Video 1.9B 8.98 80.00 82.30 70.79
Wan-generated reference videos [72] with ~ Wan2.1 1.3B 0.78 8426 8530  80.09
prompts expanded from VidProM [75]; these  Ausoregressive / streaming
samples, rather than online teacher scores,  SkyReels-V2 1.3B 0.49 82.67 8470  74.53
define the training target. Following Self = MAGI-1 4.5B 0.19 79.18  82.04  67.74
Forcing, we evaluate on expanded versions of EOVA‘d o O;B 06-878 Z(l)';i gggz Zgg;
. rami ow . . . .
th,e 946 0@01al VBench prom.pts.[38], gener C};;usVid 1.3B 17.0 82.88 83.93 78.69
ating five videos per prompt with independent g1 poroing 3B 170 8380 8459  80.64
random seeds. We train Elastic Forcing, both onelLive 1.3B 20.7 8322 8368 8137

the three- and two-encoder variant (with and  Rolling Forcing 1.3B 17.5 81.22  84.08  69.78
without DINO) on 4 NVIDIA H200 GPUs Reward Forcing 1.3B 23.1 84.13 84.84 81.32
with distribution batch B = 256 and differenti-  Ours (3 encoders)  1.3B 17.0 84.25  85.06 80.99
ation batch b = 128. Further implementation  Ours (2 encoders)  1.3B 17.0 84.64 85.43 81.48
details are provided in Appendix B.

4.1 Comparison with Existing Baselines

Table 1 compares Elastic Forcing with representative bidirectional and autoregressive video generators. The
baseline methods are described in Appendix B.3. Our model (two-encoder) achieves VBench Total, Quality,
and Semantic scores of 84.64, 85.43, and 81.48, respectively, outperforming all listed autoregressive baselines
while retaining 17 FPS inference. Note that Elastic Forcing modifies only the training objective and is
orthogonal to existing advances in RoPE [67], memory mechanisms [51, 85], and initialization, which can
be incorporated independently. The Total score also exceeds that of bidirectional Wan2.1 (84.26). These
results show that direct sample-based supervision can support competitive streaming generation without
teacher-provided target scores. The three-encoder variant achieves slightly lower VBench scores, but still



outperforms all autoregressive baselines. This variant demonstrates better qualitative abilities, discussed in
Section 4.2.

4.2 Ablation Studies

We examine the representation space, the reference estimator, and the forward/backward batch sizes (Tables 2—
4), reporting VBench and, where available, VLM judge scores. To better utilize the VLM’s multimodal
reasoning capabilities on paired videos, we adopt a comparative evaluation protocol: for each prompt, the
VLM is presented with the videos produced by all ablation variants and asked to rank them. Detailed protocols
are in Appendix H.

Representation space. V-JEPA 2 and Video-

MAE individually reach VBench Total scores Table 2. Encoder selec.tioq. We report VBench scores and VLM
of 83.91 and 83.97, whereas combining them judge results for MMD in different encoder spaces. VIJ: V-JEPA 2;

VM: VideoMAE; D: DINOv3.
achieves 84.64. DINOv3 alone scores 81.96 on

VBench but 3.27 under the VLM judge, exceed-  Encoder Total 7 Qual. 7 Sem. T VLM T
ing either video encoder (2.40 and 2.67). This  Self-Forcing 83.80 84.59 80.64 )
dlsa.greemént motivates evaluating re.zpresentatlon V-IEPA 2 83,01 84,62 8100 540
choices with both protocols. Adding DINOV3  y;4.0MAE 83.97 85.02 79.79 267
to the two video encoders lowers VBench Total  pINOv3 81.96 82.32 80.54 3.27
from 84.64 to 84.25, but rals(?s the VLM scor.e VI + VM 84.64 85.43 81.48 103
from 3.03 to 363, the best in Table 2. This VI + VM + D 84.25 85.06 80.99 3.63

agrees with our observation of improved tem-

poral stability. We report both variants in the Table 3. Estimator ablation. We report VBench scores and VLM

. . . judge results for different MMD reference kernel mean estimators.
main comparison and use all three encoders in

subsequent experiments; Appendix D.1 provides  Method  Total | Qual.7 Sem.] VLM 1
further analysis.

; . ) ) Nystrom 84.59 85.47 81.08 1.97
Reference estimation. The hybrid estimator ¢ 84.06 84.84 80.93 1.97
achieves the highest VBench Total (84.64), Se-  Full 84.64 85.43 81.48 2.07

mantic (81.48), and VLM score (2.07) in Table 3.
Table 4. Ablation on forward and backward batch sizes. We

Pure Monte Carlo and Nystrom eStlmat_lon reach report VBench Total, Quality (Qual.), Semantic (Sem.), and VLM
Total scores of 84.06 and 84.59, respectively, and  gcores.

both score 1.97 under the VLM judge. Nystrom
alone gives slightly higher Quality (85.47 versus

Fwd. B Bwd.» TotalT Qual.T Sem.T VLM7

85.43). These results support combining persis- 256 32 83.73 84.32 81.39 2.38
tent reference statistics with stochastic minibatch 256 64 83.98 84.66 81.23 2.54
estimates. 256 128 84.25 85.06 80.99 3.04
Forward and backward batch sizes. Table 4 128 128 84.09 84.77 81.38 2.04
separates the distribution batch B from the differ- 256 128 84.25 85.06 80.99 3.04

entiation batch b. At fixed B = 256, increasing

b from 32 to 64 to 128 improves VBench Total from 83.73 to 83.98 to 84.25. At fixed b = 128, increasing B
from 128 to 256 improves Total from 84.09 to 84.25 and Quality from 84.77 to 85.06, although Semantic falls
from 81.38 to 80.99. Thus, additional forward samples can improve distribution matching without increasing
the backward batch. We use (B, b) = (256, 128) as our default. Further ablations appear in Appendix D.

5 Analysis of the Elasticity

Direct distribution learning changes both the cost and the scope of post-training. Removing score models
allows larger generators to be trained with limited resources, while reference videos specify targets beyond
the pretrained model’s capabilities. We examine these consequences separately.
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Figure 5. Qualitative results of scaling elasticity. Our streaming 14B model gains better results than our streaming

1.3B models in complex scenarios.

5.1 Scaling to Larger Models

Scaling Self-Forcing is challenging because
DMD scales both the generator and its real-
and fake-score models. The original experi-
ments primarily use Wan2.1-1.3B [37]; naive
scaling exceeds memory even with FSDP
across 64 H100 GPUs [56]. Elastic Forc-
ing removes both auxiliary diffusion models
and their score-estimation computation. We
train Wan2.1-T2V-14B for 80 steps on a sin-
gle node of 8 NVIDIA H200 GPUs, starting
from the same initialization checkpoint as
Krea Realtime 14B [55]. Figure 6 summa-
rizes the training cost. The tradeoff between
GPU hours and peak GPU memory is due to
different offloading strategies.

Since VBench scores align poorly with the
perceptual gains of larger models (Wan 2.1
14B underperforms Wan 2.1 1.3B on VBench),
we evaluate 14B models with a VLM protocol.

Table 5 shows that Elastic Forcing 14B
outperforms Krea Realtime 14B on most met-
rics, with a Total score of 4.217 versus 4.115,
close to bidirectional Wan 14B’s 4.224. Our
model requires 23.2 hours on 8 GPUs. A
human evaluation with 42 participants also
favors Elastic Forcing (3.354 versus 3.054);
additional examples appear in Appendix F.

Table 5. VLM and human evaluation.

VLM evaluation T Human 7
Visual Subj. Sem.
Model quality  consist.  consist. Total Score
Full-sequence diffusion
Wan2.1-14B 4.23 4.33 4.58 4.224 -
Autoregressive / streaming
Self-Forcing 4.01 4.111 4.56 4.11 -
Krea Realtime ~ 4.00 4.05 4.50 4.115 3.054
Ours-14B 4.21 4.35 4.61 4.217 3.354
2504 =¥= Self-Forcing 1.3B
=@= Ours 1.38 7Y
__225{ =®= Ours 148
4] == Self-Forcing 14B
=
_g 200 - 25.6
2 1751
e 150.6
% 150 1 B 1349
8 s Nae
212514 S 1104
£
T 100+ \
-
75 .75 OOM on 8 GPUs
®70 \x__»

60 70 80 90 100 110 120 130
GPU memory per GPU (GiB)

Figure 6. Training efficiency. GPU hours versus peak memory per
GPU at 1.3B and 14B scale. Self Forcing 14B runs out of memory on

eight GPUs.
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5.2 Learning beyond Teacher

Reference-defined supervision lets us change the
training target without first adapting a diffusion A car drives on snow, 360° panoramic view
teacher. We use the 1.3B generator to learn new  Sglf 3 - -
spatial structure, concepts, and appearance directly =\ ~ 4 & =
from reference videos.

As shown in Fig. 7, wide-angle references lead
to panoramic composition (top); Nailoong videos
teach the character’s identity (middle); and black-
and-white references produce monochrome gen-
erations (bottom). In these examples, Wan-14B
and its Self-Forcing student fail to reproduce the
panoramic geometry or Nailoong identity. Elastic
Forcing learns these properties from the reference
collection, illustrating adaptation beyond the orig-
inal teacher’s capabilities. Appendix E provides
quantitative comparisons.

6 Related Work

Autoregressive video training addresses imperfect A man is walking,
histories through denoising, rollout-level distilla-  gg|f 3 B
tion, or adversarial supervision [12, 30, 37, 48]. forcing

Sample-based distributional objectives offer an al-
ternative to online score models by comparing ~ Wan
generated and reference populations in learned rep- ~ 14B
resentation spaces [18, 23, 46, 84]. Our work
connects these directions through efficient kernel ~ Ours
matching of autoregressive rollouts. Appendix A
reviews autoregressive video generation, distribu-  Figure 7. Learning beyond the teacher. Elastic Forcing learns
tional training, and video representation learning spatial priors, character identity, and visual style directly from

. . reference videos.

in more detail.

7 Conclusion

We introduced Elastic Forcing, a sample-based framework for post-training few-step autoregressive video
generators. By matching rollout distributions to reference videos through MMD in frozen representation
spaces, it removes the need for both a diffusion teacher and an online fake-score model during post-training.
Hybrid reference estimation balances approximation bias and sampling variance, while decoupling distribution
estimation from differentiation makes large rollout batches practical under memory constraints.

With the same architecture and initialization as Self Forcing, our 1.3B model improves generation quality
while preserving inference speed, and the framework enables 14B post-training on a single node of eight
H200 GPUs. Moreover, reference-defined supervision enables learning new visual styles, semantic concepts,
and spatial priors directly from videos.

Together, these results demonstrate that sample-based distribution matching offers a practical route to
efficient streaming generation.
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A Related Work

A.1 Autoregressive video generation

Autoregressive generators predict ordered visual tokens or continuous latent chunks [17, 42, 80, 83], including
action-conditioned world modeling [8]. Independent temporal noise levels and history guidance connect
sequence prediction with diffusion [12, 65], enabling long-video synthesis at scale [1, 13]. Pyramidal
computation, queued denoising, cache reuse, and context compression improve streaming efficiency [25, 40,
41, 90, 95]. To reduce exposure bias, self-resampled histories and recycled generation errors expose denoising
models to imperfect contexts during training [30, 45]. Another line distills bidirectional models into causal
generators [88] and supervises self-generated rollouts to reduce the train—test gap [37]. Subsequent work
improves causal initialization, rolling generation, reward guidance, and context-gradient reconstruction [51,
54, 96, 97]. Long-context supervision and memory mechanisms address temporal consistency [14, 82, 85],
while on-policy self-distillation and diagonal denoising schedules offer further training and streaming
strategies [49, 50]. Adversarial post-training instead learns through a discriminator, with generated histories
supporting real-time interactive synthesis [47, 48, 92]. We retain autoregressive rollout training but replace
online score-based supervision with a reference-sample objective.

A.2 Distributional training

Distributional objectives compare generated and target populations without paired outputs. Maximum mean
discrepancy measures differences between kernel mean embeddings [29, 57, 66] and directly trains generators
from samples [20, 46]; adversarially learned representations strengthen these objectives [7, 44]. Energy
distances and sliced optimal transport provide other sample-based discrepancies [5, 19], while entropically
regularized transport connects transport costs and kernel matching [24, 28]. Distribution evolution can
also be described by kernel or sliced-transport gradient flows [2, 53], or learned through data-attraction
and sample-repulsion fields [18]. Memory-efficient feature-distribution training already separates large
statistical populations from smaller replay batches [43]. Recent approaches optimize Fréchet feature moments
with decoupled estimation and differentiation [84], or use multiple frozen encoders and persistent kernel
summaries [23]. Unlike score-based distribution distillation [86, 87], these sample-based objectives can learn
from reference data without an online diffusion teacher. We apply this perspective to autoregressive video
rollouts, combining hybrid reference estimation with selective differentiation under video-training memory
constraints.

A.3 Video representation learning

Video encoders capture temporal structure through three-dimensional convolutions, multiple temporal rates,
or space—time attention [6, 9, 21, 52, 60]. Self-supervised objectives include dense predictive coding
and temporal contrastive learning [32, 62], masked pixel or feature reconstruction [22, 69, 74, 77], and
prediction in learned latent spaces [3, 4]. Video—text alignment and large-scale multimodal pretraining enrich
semantic features [73, 76, 81]; image self-distillation and language—image alignment supply complementary
appearance cues [59, 63, 64, 91]. Pretrained representations also improve generation by aligning denoiser
states with clean-image features [89], which differs from matching distributions of completed outputs. Feature
selection remains important: video distances can underweight temporal defects [27, 70], and optimizing one
representation can conceal perceptual failures [23, 84]. This motivates combining video and image encoders
and assessing them with complementary automatic and human judgments.

B Training and Evaluation Details

This appendix first describes the experimental setup and comparison methods, then derives the reference
estimator and selective-gradient update. We next report representation and optimization ablations, reference-
data adaptation, and additional 14B comparisons. Throughout, reference videos specify the distribution to be



learned; a pretrained checkpoint supplies the initialization but is not used as an online score oracle during
Elastic Forcing post-training.

B.1 Training setup

Our standard text-to-video experiments retain the autoregressive architecture and rollout procedure of
Self-Forcing [37]. Each chunk is generated using four denoising steps and conditions on previously generated
content. The 1.3B model starts from the same ODE-initialized checkpoint as the Self-Forcing comparison.
The 14B experiment uses the ODE-initialized checkpoint supplied by Krea [55, 56]. These initialization stages
should be distinguished from the subsequent sample-based post-training. The separate VACE experiment in
Appendix E.3 examines a different, visually conditioned setting without a separate ODE initialization stage.

Table 6. Reported settings for standard text-to-video post-training. Both model scales use an ODE-initialized
checkpoint.

Setting 1.3B model 14B model
Backbone Wan2.1-T2V-1.3B Wan2.1-T2V-14B
Initialization Self-Forcing ODE checkpoint Krea ODE checkpoint
Denoising steps 4 per chunk 5 per chunk
Post-training updates 150(three encoder)/100(two encoder) 80
Hardware 4 NVIDIA H200 GPUs 8 NVIDIA H200 GPUs

For the 1.3B run, we use B = 256 current rollouts to evaluate the distributional objective and select
b = 128 of them for backpropagation. The reported 14B training time is 23.2 hours. The general-domain
reference collection contains more than 8,000 Wan-generated videos [72]. Its prompts are expanded from
VidProM [75] using DeepSeek-V4-Flash [16], as described in the main paper. The frozen encoders map
reference and generated videos into the same representation spaces. Only the generator is updated: neither
a real-score diffusion teacher nor an online fake-score model is required by the post-training objective.
Reference-feature extraction and construction of the persistent Nystrom summary can therefore be performed
before the optimization loop.

We distinguish two representation configurations. The two-video-encoder variant combines V-JEPA 2 and
VideoMAE and gives the strongest aggregate VBench result in the main comparison. The three-encoder variant
also includes DINOvV3 and is used for the subsequent experiments described in the main text. Appendix D.1
reports the individual metric changes; an improvement in visual stability need not improve every VBench
dimension.

B.2 Evaluation protocols

VBench. Following the Self-Forcing evaluation setup, we use expanded versions of the 946 official VBench
prompts [38] and generate five videos per prompt with independent random seeds, giving 4,730 videos per
evaluated model. We report Total, Quality, and Semantic scores on a 0—100 scale. In the reported tables,
Total is the weighted aggregate 0.8 Quality + 0.2 Semantic, up to rounding. The complete encoder ablation in
Table 7 also reports the seven quality and nine semantic dimensions.

Large-model evaluation. The 14B comparison supplements automated evaluation with VLM ratings of
visual quality, subject consistency, and semantic consistency, as well as human ratings of Elastic Forcing and
Krea Realtime. The main comparison reports mean human scores of 3.354 and 3.054, respectively. These
are subjective rating averages rather than preference percentages. Appendix F provides qualitative examples
that illustrate the kinds of action and continuity errors considered in this comparison. They complement the
aggregate ratings but do not establish statistical significance.
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Specialized adaptation. Table 9 reports ratings on a 0—10 scale for monochrome appearance, Nailong
character generation, and spatial appearance. The task-specific score concerns adherence to the corresponding
target; the remaining columns describe general visual and temporal quality. Task adherence and general
quality are reported separately, since improving one does not imply uniform improvement in the others.
These task ratings, the large-model VLM/human ratings, and VBench use different protocols and should be
compared within their respective tables.

B.3 Comparison methods

The main comparison includes two full-sequence diffusion models and nine autoregressive or streaming
generators. Their published architectures differ; Self-Forcing provides the closest comparison for isolating
our post-training objective because the 1.3B architecture, initialization, and rollout procedure are matched.

Full-sequence diffusion. LTX-Video [31] uses a highly compressed video VAE and a diffusion transformer
for efficient full-sequence synthesis. Wan2.1 [72] supplies the 1.3B and 14B foundation backbones used in
this work; its bidirectional models also provide full-sequence quality references.

Other autoregressive generators. SkyReels-V2 [13] uses Diffusion Forcing to extend videos autoregres-
sively. MAGI-1 [1] performs chunk-wise autoregressive denoising with different noise levels across chunks.
NOVA [17] uses non-quantized visual representations and factorizes generation across temporal and spatial
positions. Pyramid Flow [40] combines spatial and temporal pyramids to reduce the cost of video synthesis
and history conditioning.

DMD-based streaming generators. CausVid [88] distills a bidirectional diffusion model into a few-step
causal generator. Self-Forcing [37] applies distributional supervision to rollouts conditioned on their own
generated histories, reducing the mismatch between training and inference. LongLive [85] extends this
setting with long-horizon tuning, persistent frame-sink tokens, and prompt-dependent KV recaching. Rolling
Forcing [51] uses joint denoising within rolling temporal windows and persistent attention sinks. Reward
Forcing [54] combines reward-guided distribution matching with an evolving memory of earlier frames. The
evaluated variants in this family retain score-based supervision. Elastic Forcing instead changes how the
rollout distribution is supervised, and can be combined with improvements to temporal context or memory
handling.

C Objective, Reference Estimation, and Efficient Gradients

C.1 Finite-batch training objective

For each encoder e, let z{ = ¢, (x;) be the representation of the i-th current rollout. With B > 1 rollouts, the
objective used to obtain representation gradients is

B
~ 1 e _e 2 ~¢ e
Lrr = § Ae B(B _ 1) iéj ke(Ziij) B ;:1 mae(zi) . (13)

ec&

The generated—generated sum contains ordered pairs and excludes the self-pairs i = j [29]. The reference—
reference term is omitted because the reference distribution and encoders are fixed, so it contributes no
generator gradient. Thus, the displayed training loss need not be nonnegative and should not be interpreted as
an absolute MMD score. The hybrid attraction term further approximates the original-kernel MMD objective;
it does not replace the generated—generated kernel by the Nystrom kernel.



MEGW 21

Every representation is treated as a differentiable variable when computing g7 = 8fEF/ 0z¢, even if its
rollout is not subsequently replayed. Symmetry of the kernel gives

2 2_
8 = e | gy 2 Tkl ) - GG, (D) (14)
J#I

where V; differentiates the first kernel argument. The factor of two in the repulsion term accounts for the
appearance of each sample in both positions of the ordered pair sum. Computing losses separately on small
microbatches would omit interactions between those microbatches.

C.2 Nystrom approximation of the reference kernel mean
Fix an encoder, kernel, and reference collection. Write v§ = ¢.(y,) and use the empirical reference mean

Nret

1
(D) = 5= ) ke 7). (15)
n=1

This equality defines the finite-data target used in the main text; it does not assume that the reference collection
exactly represents an underlying population distribution.

Landmarks and coefficients. Let U, = {u¢ }le be the landmarks obtained by k-means in the reference
representation space [94]. The centroids need not coincide with individual reference videos. Define

[K[e]U]rs = ke(uiaui)’ ke(Ue,Z) = [ke(uT’Z)"'"ke(ueR’Z)]Tv (16)
and
1 Nref
— e
c = 5o ;ke(Ue,vn . (17)

We approximate the reference mean in the span of landmark kernel functions [10, 23, 78]:

mle\Iys(Z) =k (Ue, Z)Tﬁe' (18)

If K7, is invertible, matching the empirical mean at every landmark amounts to solving K7, B = €. For
numerical stability, use
(K{y +el)Be = co, e>0. 19)

Regularization relaxes exact interpolation: the residual at the landmarks is ¢, — K;;;Be = €B.. The
coeflicients S, are distinct from the scalar mixture weight o, below.
Equivalent feature map. The regularized Gram matrix is symmetric positive definite. Therefore,

1
ve(@) = (Kjy +D) ™ Phe(Ue). fle = 31— ) ) (20)

yield

Ve (2) e = ke(Ue, 2) T (Kfyyy + €D) e,
= k. (U, Z)Tﬂe = mle\]ys(z)- 2D

This is the expression used in Equation (8). The associated kernel ke(z, 1) = Yo (z) "¢ (1) has rank at most
R.
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Precomputation and cost. Once the representation space and reference set are fixed, we can solve for S,
once and evaluate each subsequent query using R kernel values and a dot product. Forming the dense landmark
Gram matrix uses O(Rz) kernel evaluations, and accumulating ¢, uses O (NefR); the latter can be streamed
without storing the full reference—landmark matrix. A dense factorization costs O(R?) arithmetic. These
costs exclude feature extraction and k-means. Using the coefficient form avoids a dense inverse-square-root
multiplication for every query. If the encoder, kernel, or reference collection changes, the persistent statistics
must be recomputed.

C.3 Bias and variance of the hybrid estimator
At a fixed query z, condition on the reference collection and landmarks. Let

0e(2) = myy(2) — mpy(2), Ne(2) = My (2) — mpe(2). (22)
For independent reference draws with replacement, E[7r.(z)] = 0 and

(@) 1= Varlne ()] = Lot el 3)

For a fixed a,, the hybrid error is (1 — @,)d.(z) + @.n.(z). Hence

Bias[1%, (2)] = (1 — @.)d.(2),
Var[m, (2)] = a?ve(2),
MSE[7%, (2)] = (1 — @)*6¢(2) + @2ve(2). (24)

The cross term vanishes because the persistent approximation is fixed and the Monte Carlo error has zero
mean. This makes the trade-off precise: pure Nystrom estimation has no reference-minibatch variance but
can be biased, whereas pure Monte Carlo estimation is unbiased for the empirical reference mean. A hybrid
generally retains some approximation bias.
For a fixed query distribution Q, let 82 = E,.o[6.(z)?] and V, = E;.g[v.(z)]. Minimizing the expected

squared error gives the oracle coefficient

. B

¢ BZ+V,’
when the denominator is nonzero. If both terms vanish, every coefficient has zero error. This expression
explains the estimator’s behavior; it is not a claim that the unknown errors are measured or that this oracle
coefficient is used during training. It also concerns kernel-mean values, not directly the error of their
derivatives. Finally, unbiasedness for a finite reference collection does not eliminate finite-data error relative
to the desired real-world distribution.

(25)

C.4 Selective differentiation and replay
Condition on a fixed generated batch and the randomness used to construct the reference estimate. Define
each rollout’s parameter-gradient contribution by

e

l

0z;
hi= ) )T Toi= (26)
ec&

The full-batch gradient is ; #;. For a uniformly sampled subset S of size b without replacement [36],
Pr(i € 8) = b/B, and therefore

Eg h; = Vo Lk (27)

Z ;

lES

|

B &
:;Z

i=1




This is conditional unbiasedness for the evaluated hybrid objective, not for an exact population MMD. It also
assumes that the same rollout computation and any prescribed gradient truncation are used during replay. For
h=B'Y,h;and S, = (B—1)"'3;(h; — h)(h; — h)T, the conditional covariance is

b

B
C — hil=—11-= . 28
ovs b;g 5 ( B)Sh (28)

Thus reducing b saves reverse computation but increases update variance; it does not reduce the number of
samples informing each cotangent. At b = B, this source of variance vanishes.

Replay requirements. To reproduce the intended backward computation, the saved replay state must permit
reconstruction of the same random choices and segment inputs. Reverse execution restores a boundary,
reconstructs that segment, propagates its incoming cotangent, and releases the segment’s graph [15, 26].
Frozen encoder weights still permit derivatives with respect to their inputs. Reusing the same random choices,
preprocessing, and parameter values is essential: replaying a different video would pair a cotangent with
the wrong Jacobian. Boundary gradients must be propagated wherever the original computation requires
them; detaching a boundary introduces truncation rather than an equivalent memory-saving execution. The
optimizer is updated only after all selected contributions have been accumulated.

Algorithm 1 Elastic Forcing with a persistent summary and selective replay

Require: Generator G g; reference collection Dyer; frozen {Pe, ke, de, @etecs; B> 1,1 <b<B,Br = 1,R, >0
1: foralle € E do

2: Extract reference features and obtain R landmarks by k-means
3: Form K7,,;, accumulate ¢., and solve Equation (19) for 8.
4: end for
5: repeat
6: Generate B current autoregressive rollouts without retained graphs; save replay states
7: Extract {z{}; . and treat these features as independent differentiable variables
8: Sample a reference minibatch; combine its Monte Carlo mean with k. (U,, z) T B, using Equation (9)
9: Evaluate Equation (13); compute and detach all cotangents {g¢ }; .
10: Uniformly sample b distinct indices S; clear the generator’s accumulated gradient
11: for alli € S do
12: Replay rollout i with its saved states and propagate (B/b)g¢ through each encoder and the generator

13: Accumulate the parameter gradient and release the replayed graph
14: end for

15: Apply one optimizer update to 6

16: until the post-training budget is exhausted

C.5 Scope and limitations

Elastic Forcing removes online diffusion score models from distributional post-training, but continues to
depend on pretrained generators, frozen representation encoders, and suitable reference data. Matching
feature distributions can miss errors to which the encoders are insensitive. Even with a characteristic kernel in
feature space [57, 66], equal feature distributions need not imply equal video distributions if the representation
discards information. Video-marginal matching also does not by itself identify the correct video distribution
for every text condition.

The persistent reference summary introduces finite-rank and regularization error, and selective differentiation
adds gradient-sampling variance. Increasing the distribution batch still requires more forward computation.
The FIFO ablation shows why stale representations should not be assumed to preserve the properties of fresh
rollouts. Finally, adaptation to appearance, a character, or panoramic composition demonstrates flexibility in
the tested settings; it does not establish unrestricted concept acquisition or correct physical and geometric
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DINOv3

VideoMAE

V-JEPA 2

features, respectively; columns show sampled frames in temporal order. Wan VAE matching exhibits distortions in the
helmet and clothing. The pretrained encoders preserve more coherent subjects, with different degrees and types of
visible motion. This qualitative example complements the metric breakdown in Table 7.

Figure 9. Effect of incorporating DINOv3 features. Adding DINOv3 supervision improves perceptual quality by
preserving sharper details and more consistent object geometry. Without DINOv3, the generated content becomes
overly smooth and may exhibit structural tearing around the horse and fence. Nevertheless, removing DINOvV3 yields a
higher Dynamic Degree and overall VBench score.

reasoning. These limitations motivate evaluation of both individual frames and temporal behavior, using
automated metrics together with clearly specified human or VLM protocols.

D Additional Ablations

D.1 Representation choice and complementary encoders

Qualitative behavior across representation spaces. Figure 8 compares MMD supervision in DINOv3,
VideoMAE, V-JEPA 2, and Wan VAE representation spaces. Each row shows four sampled frames of
an astronaut generated using one matching space. The Wan VAE row exhibits changes in helmet shape
and suit texture, together with distorted appearance during motion. This illustrates why a latent space
designed for reconstruction need not provide a useful geometry for distribution matching. The pretrained
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representation encoders produce more recognizable and stable subjects in this example, but encourage different
behavior. DINOV3 preserves detailed appearance with relatively little visible change across the sampled
frames. VideoMAE maintains the helmet and scene structure as the subject turns, while V-JEPA 2 preserves
the face and suit during an arm gesture. These frames illustrate differences between appearance and motion
constraints; they do not establish a general ranking from one prompt. The broader VBench breakdown below
tests these trade-offs across the evaluation set.

Table 7. Detailed encoder ablation on VBench (0-100; higher is better). VIJ: V-JEPA 2; VM: VideoMAE; D: DINOVv3.
Bold indicates the best value within each row, including ties.

Metric \2 VM D D+VJ VI+VM D+VJ+VM
Aggregate scores

Total 83.91 83.97 81.96 83.64 84.64 84.25
Quality 84.62 85.02 82.32 84.26 85.43 85.06
Semantic 81.09 79.79 80.54 81.19 81.48 80.99
Quality dimensions

Subject consistency 96.28 95.89 97.27 96.94 96.58 96.11
Background consistency 95.73 96.75 96.21 96.79 97.01 96.72
Temporal flickering 99.21 99.57 98.64 99.22 99.65 99.36
Motion smoothness 98.72 98.45 98.50 98.69 98.85 98.44
Dynamic degree 58.06 66.94 3222 53.33 65.28 67.22
Aesthetic quality 66.59 64.53 65.62 65.99 65.54 65.96
Imaging quality 70.21 69.45 69.63 68.67 69.20 68.54
Semantic dimensions

Object class 94.64 94.37 94.30 94.89 95.16 95.73
Multiple objects 87.33 83.52 86.88 86.98 85.69 86.40
Human action 96.00 96.80 96.40 96.40 96.60 96.60
Color 88.96 86.56 85.03 87.22 89.40 86.74
Spatial relationship 78.98 76.02 79.22 82.01 82.68 80.33
Scene 56.56 55.78 58.59 57.72 57.57 59.03
Appearance style 21.52 20.95 20.36 20.30 20.78 20.17
Temporal style 24.41 24.35 24.54 24.80 24.57 24.68
Overall consistency 26.49 26.50 26.62 26.88 26.79 26.57

Quantitative comparison and encoder combinations. Table 7 expands the aggregate comparison into
individual VBench dimensions. V-JEPA 2 and VideoMAE have complementary strengths: the former obtains
higher aesthetic and imaging quality in this ablation, while the latter obtains a higher dynamic degree. Their
combination achieves the highest Total, Quality, and Semantic aggregates among the configurations in this
table, as well as strong background consistency, temporal flickering, and motion smoothness scores.

DINOV3 alone gives the highest subject-consistency score but a dynamic degree of only 32.22, compared
with 65.28 for the two-video-encoder configuration. Adding DINOv3 to both video encoders lowers the
aggregate score in this detailed ablation, but improves some dimensions, including subject consistency,
aesthetic quality, object class, and spatial relationships. These results support a trade-off between representation
constraints; they do not support the stronger claim that image features are uniformly harmful. They are also
consistent with the qualitative stability improvements discussed in the main text.

Other video encoders. Figure 10 shows results using Motionformer [60] and InternVideo-Next [73]
representations. Motionformer uses action-category supervision, while InternVideo-Next combines self-
supervised video learning with additional semantic priors. The examples contain blurred objects, changes in
appearance, and loss of scene structure over time. A possible explanation is that representations suited to
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Figure 10. Alternative video representations. Each row shows sampled frames from a generated video; the left
and right panels use InternVideo-Next and Motionformer, respectively. Across the examples, subject detail and scene
structure are not reliably maintained. The figure illustrates failure modes under the tested feature losses.

Adding SigllP+lnception+MAE

N .8
Jy i

Figure 11. Adding frame-wise representation losses. Results with the combined SigLIP, Inception, and MAE losses.
Columns show sampled frames from each example; red circles mark changes in subject appearance or scene geometry.
These examples illustrate temporal inconsistencies that remain despite additional image-level supervision.

recognition may be insensitive to details needed for synthesis. These qualitative observations concern the
tested configurations and do not establish that supervised video encoders are unsuitable in general.

Additional image-feature losses. Frame-wise image features can constrain appearance, but do not explicitly
encode temporal order or cross-frame dynamics. Figure 11 shows the configuration that adds SigLIP [91],
Inception [68], and MAE [33] losses. The highlighted regions exhibit changes in the street background,
coastline, and model ships across frames. One possible explanation is competition between frame-level
alignment and video-level constraints. The examples motivate careful encoder and loss-weight selection; they
do not isolate the effect of each added image encoder.
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Figure 12. Qualitative ablation of the hybrid reference estimator. Removing either the Monte Carlo or Nystrom
component introduces visible temporal and structural artifacts (red circles), while the full estimator produces coherent
pouring dynamics and stable object geometry.

Fa W\

Figure 13. Exploratory sparse-feature FD objective. Sampled frames from the tested configuration show a blurred
human silhouette with little background detail. This example motivates preserving dense video features but is not a
comparison of all FD-based objectives.

D.2 Reference-estimator ablation

Table 3 collects the aggregate scores reported for the reference-side ablation in the main text. Relative to
pure Monte Carlo estimation, the hybrid improves VBench Total by 0.58 points; relative to pure Nystrom
estimation, it improves Total by 0.05 points. These measurements support the combined estimator in the
evaluated setting. They do not imply that any mixture weight will outperform both endpoints, as the error
decomposition in Equation (24) makes clear.

As shown in Figure 12, the quantitative results are also reflected in generation quality. Pure Nystrém
estimation produces duplicated or inconsistent liquid streams, while pure Monte Carlo estimation leads to
unstable bottle geometry and discontinuous pouring dynamics, as highlighted by the red circles. Combining
the two estimators better preserves object structure and produces a coherent stream and smoothly expanding
puddle over time.

D.3 Joint text-video matching

We compare joint text—video representation matching with video-only matching on Wan2.1-T2V-14B. Table 8
shows decreases of 0.77 points in VBench Total, 0.89 in Quality, and 0.30 in Semantic for the joint formulation.
The generator remains text-conditioned in both cases; “video only” describes the loss space. Adding
text features changes the matching geometry and relative feature scales, which may explain the observed
degradation. This result supports the tested video-only configuration, but neither establishes that text
information is redundant nor guarantees prompt-conditional alignment from matching the video marginal.
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Table 8. Joint text—video versus video-only distribution matching on Wan2.1-T2V-14B. VBench scores are on a 0—100
scale; higher is better.

Matching space Total Quality Semantic
Text—video joint 83.28 83.73 81.47
Video only 84.05 84.62 81.77

D.4 Why use MMD for dense video representations?

A Fréchet-distance (FD) objective summarizes a d-dimensional representation with a mean and a d X d
covariance matrix [35, 70, 84]. Dense covariance storage costs O(d?) and matrix factorizations can cost
O(d?), which is restrictive for representations retaining many video tokens. Pooling reduces this cost but also
removes information the loss could constrain.

MMD uses pairwise kernels without constructing the covariance matrix. The Nystrom summary reduces
reference comparisons, and selective replay controls generator backpropagation. Direct generated—generated
evaluation still costs O(B?) kernel evaluations, and representation and kernel choices remain consequential.
Our exploratory sparse-feature FD experiment produced blurred samples (Figure 13), motivating dense feature
matching. This observation concerns the tested configuration, rather than all FD formulations.

D.5 Fresh rollouts versus a FIFO feature queue

Selective differentiation uses current rollouts even when only a subset is backpropagated. Reusing historical
representations in a FIFO queue [84] could save forward computation, but those features come from earlier
generator parameters. This feature queue is distinct from the KV cache used for autoregressive generation.

Figure 14 compares four settings: no queue with 32 online samples; a queue of 128 with 32 online samples;
a queue of 128 with 128 online samples; and the last setting with gradient compensation. With 32 online
samples, the queue severely degrades the example. Increasing the online population restores the subject and
scene but leaves softer details; compensation improves boundaries and appearance.

Queued features repel current samples, but their own reference-attraction terms have no parameter-gradient
path. Compensation can address part of this asymmetry, but cannot make stale features on-policy or establish
Equation (27). The example does not isolate staleness from gradient-scaling effects. We therefore use fresh
rollouts for the standard configuration.

E Reference-Data Adaptation and Initialization
E.1 Appearance, character, and spatial adaptation

Table 9 expands the three adaptation settings in Section 5. Elastic Forcing uses a 1.3B generator in these
experiments; the reference videos change the optimization target without requiring a target-specific diffusion
teacher. For character acquisition, videos containing Nailong are mixed with the general-domain reference
collection. The spatial experiment tests adaptation to a specified visual projection; its score measures
adherence to that appearance rather than verified three-dimensional geometry.

For monochrome appearance, Elastic Forcing has the highest task-specific score (9.910), but Wan2.1-14B
has the highest overall score (8.992 versus 8.942). This distinguishes target-style compliance from general
quality. For Nailong, Elastic Forcing leads in character fidelity and overall score, while Wan2.1-14B retains
the highest visual-quality rating. For spatial appearance, Elastic Forcing improves the task-specific score
from 5.000 for Self-Forcing to 8.544 and the overall score from 6.272 to 8.292. Together, these results
show adaptation to different reference-defined targets, while retaining meaningful variation across quality
dimensions.
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Figure 14. FIFO feature reuse. More online samples and gradient compensation improve queued variants, but retain historical
features. The top row uses 32 fresh samples without a queue.

E.2 Learning from real-video references

We replace the Wan-generated reference collection with real-world videos sampled from OpenVid [58].
Figure 15 shows examples of model ships, a person in a city street, and a coastal landscape. The examples
retain recognizable subjects and scene structure across the displayed frames, indicating that synthetic
teacher-generated references are not a requirement of the objective. This is qualitative evidence of feasibility;
without a matched quantitative comparison, it does not establish equal performance across the two reference
sources.

E.3 Visually conditioned generation without separate ODE initialization

Our standard T2V backbones rely on ODE initialization before few-step autoregressive post-training. This
initialization bridges both a sampling change, from a longer denoising trajectory to four steps, and a structural
change, from bidirectional generation to causal chunks. In experiments omitting this initialization, individual
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Table 9. Specialized reference-data adaptation. Ratings are on a 0-10 scale; higher is better. TS: task-specific score;
VQ: visual quality; TC: temporal consistency; SI: subject integrity. Bold and underlining denote the best and
second-best score within each task, respectively.

Method TS vQ TC SI Overall
Monochrome appearance

Self-Forcing 8.822 8.340 8.140 8.106 8.308
Wan2.1-1.3B 8.674 8.390 8.410 8.372 8.382
Wan2.1-14B 9.840 8.638 8.574 8.494 8.992
Elastic Forcing 9.910 8.544 8.526 8.426 8.942
Nailong character

Self-Forcing 7.532 8.886 8.512 8.220 8.122
Wan2.1-1.3B 7.418 8.588 8.056 7.922 7.878
Wan2.1-14B 7.656 8.906 8.580 8.084 8.174
Elastic Forcing 8.072 8.834 8.584 8.272 8.380
Spatial appearance

Self-Forcing 5.000 7910 7.934 7.832 6.272
Wan2.1-1.3B 3.990 7.816 8.192 7.966 5.674
Wan2.1-14B 6.334 8.072 8.332 8.110 7.130
Elastic Forcing 8.544 7.896 8.664 8.396 8.292

Figure 15. Real-video reference data. Generated examples after replacing Wan-generated references with OpenVid
videos. Each row shows sampled frames from one generation. The examples span object, human, and landscape content
and illustrate learning from a reference source independent of the initialization model’s samples.

chunks can remain visually plausible while continuity across chunks deteriorates. Local frame quality
therefore does not by itself establish coherent streaming generation.

We examine whether stronger visual conditioning can ease this transition using Wan2.1-14B VACE [39]
with first-frame and optical-flow conditioning. The first frame constrains appearance, and optical flow supplies
motion information. Starting directly from the pretrained VACE checkpoint, we use 100 updates with MMD
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Figure 16. VACE adaptation with visual conditioning. Optical-flow conditions appear on the left and sampled
output frames on the right. Training uses 100 MMD-plus-regression updates followed by 100 MMD-only updates, with
first-frame and flow conditioning and no separate ODE initialization stage.

and an auxiliary regression objective, followed by 100 updates with MMD alone. This totals 200 post-training
updates and omits a separate ODE initialization stage; the first stage still includes regression supervision.

Figure 16 pairs optical-flow inputs with frames from generated videos of fish beneath waves, a DJ in a
cockpit, and a person producing a glowing lotus. The examples retain recognizable appearance and scene
structure over the displayed frames, supporting the feasibility of this conditioned setting. They do not isolate
the contributions of visual conditioning and the initial regression phase, nor imply that standard text-only
generation can dispense with initialization.

F Additional Model Comparisons

Figure 17 supplements the 14B evaluation in Table 5. Both methods use 14B backbones, and our post-training
starts from the same initialization used for the comparison. The first example tests the progression of a cutting
action and the integrity of the watermelon. The second tests bicycle and rider consistency during motion,
and the third tests the stability of bridge geometry across viewpoints. The highlighted Krea Realtime frames
exhibit local inconsistencies, while the displayed Elastic Forcing frames better preserve the corresponding
objects and structures. These selected examples illustrate the aggregate comparison; they do not quantify the
frequency of failures over all prompts.

G Correlation Analysis of VLM and Human Judgments

To examine whether VLM-based evaluation reflects human preference, we conduct a blinded pairwise
correlation analysis over 20 matched prompts. For each prompt, GPT-5.5 jointly observes two anonymized
videos through 24 uniformly sampled frames per video, aligned by normalized time. It then predicts a signed
pairwise preference margin dl.VLM, where a positive value indicates a preference for Ours-14B over Krea
Realtime 14B.

For each prompt i, the corresponding human preference difference is aggregated over all R = 42 raters:

R
1
d;—luman — = Z (hinurs _ hf.(jrea) , R =42, 29)
J=1

where hiojurs and hf.(jrea denote the scores assigned by rater j to the two videos associated with prompt i. The
42 ratings are first aggregated within each prompt, and the correlation is then computed over the resulting
20 prompt-level differences. This avoids treating individual ratings of the same video pair as independent
observations.
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Figure 17. Additional 14B comparisons. Each prompt is followed by Krea Realtime (top) and Elastic Forcing (bottom),
with sampled frames arranged from left to right. Red circles highlight inconsistencies in object interaction, rider-bicycle
interaction, and bridge geometry in the selected examples.

We quantify VLM-human agreement using the Pearson correlation coefficient:

?:1 ( dl_VLM _ d—VLM) ( dl!{uman _ d‘Human)

r =
VL (@ = 2 (g — o

Statistical significance is assessed using a two-sided test of Hy : p = 0 against H; : p # 0, with

2
‘= r,/%, t~tyoa. G1)

As shown in Fig. 18, the direct GPT-5.5 pairwise margin exhibits a strong and statistically significant
correlation with human preference (r = 0.595, p = 0.0057). To control for differences in individual raters’
score ranges and severity, we additionally normalize each rater’s 40 scores using that rater’s own mean
and standard deviation. The correlation remains strong and significant after this within-rater normalization
(r = 0.589, p = 0.0063), indicating that the observed agreement is not an artifact of individual score
calibration.

, n = 20. (30)
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Figure 18. Strong agreement between pairwise VLM and human judgments. GPT-5.5 preference margins are
compared with human preference differences over 20 matched prompts and 42 raters. The left panel uses raw human
scores, while the right panel uses within-rater normalized scores. Positive values favor Ours-14B, and solid lines
indicate least-squares fits.

Table 10. Pairwise VLM-human correlation. Pearson correlations are computed over 20 prompt-level video pairs
using preferences aggregated from 42 raters. All p-values are two-sided.

Raw Human Scores Rater-Normalized Scores
VLM Signal r )4 r p
Direct pairwise margin 0.595 0.0057 0.589 0.0063

H Prompt Design for VLM Judgment

To facilitate reproducibility, we provide the prompts used for GPT-5.5-based video evaluation under two
protocols: single-video scoring and joint five-video ranking. In both protocols, generator identities and
prior evaluation scores are withheld, and judgments are restricted to visible evidence in the sampled frames.
Whitespace and line breaks are adjusted for readability.

Single-video scoring. Listing 1 presents the prompt for evaluating each video independently. The evaluator
receives three chronological contact sheets containing a total of 12 uniformly sampled frames, together
with the original text prompt used to generate the video. It assigns a score from 0 to 100 to each of four
dimensions: visual quality, subject consistency, temporal coherence, and semantic consistency, and provides
a short supporting explanation. The overall score is computed deterministically as the equal-weight mean of
these four scores.

You are a strict, model-blind evaluator of a short text-to-video result.

You receive three contact sheets containing 12 frames in chronological order.
Score only visible evidence.

The model identity and human scores are intentionally hidden.

1
2
3
4
5
6
7 Do not reward cinematic style unless it improves the requested result.
8

9

Return one JSON object with numeric scores from ® to 100

10 (decimals allowed):

12 - visual_quality:



13 Image fidelity, clarity, anatomy/geometry, and absence of
14 generation artifacts.

15

16 - subject_consistency:

17 Identity, shape, count, clothing/material, and object

18 persistence across time.

19

20 - temporal_coherence:

21 Plausible continuous motion, smooth transitions, physical
22 consistency, and absence of flicker/morphing.

23

24 - semantic_consistency:

25 Match to the supplied prompt, especially specified subject
26 actions and camera behavior.

27

28 Also return a short evidence string.

29 Use the whole 0-100 range and do not infer unseen motion

30 between sampled frames.

31

32 Do not return an overall score; it is computed deterministically
33 as the equal-weight mean of the four dimensions.

34

35 Generation prompt:

36 <ORIGINAL_TEXT_PROMPT>

Listing 1. VLM prompt for single-video scoring.

Joint multi-video ranking. Listing 2 presents the instruction prompt for comparing multi videos corre-
sponding to the same official short prompt. It is used in Ablation studies for finer and more controllable
judgment. Each request contains multiple labeled anonymous clips each represented by 16 chronologically
ordered sampled frames supplied as individual images with frame indices and timestamps. The shared official
short prompt and labeled image sequences are supplied in the accompanying user message. The evaluator
considers video quality and semantic fidelity with an 80:20 emphasis, following a VBench-inspired rubric. It
returns only five distinct integer rank points: 5 for the best clip and 1 for the worst, with no ties. For each
method, we report the mean rank points across evaluated groups. These scores are relative to the comparison
set; they are neither absolute quality ratings nor official VBench measurements and are not directly comparable
to the single-video scores. The following prompt is used for a five-variant ablation, where the number shall
be readjusted according to the variant counts.

1 Evaluate OVERALL VIDEO GENERATION QUALITY for five anonymous clips A-E using the VBench-
inspired criteria below. Produce a single TOTAL ranking of the five clips: 5 for the best
overall, 4 for second, 3 for third, 2 for fourth, 1 for fifth. The five total values must
be exactly 1, 2, 3, 4, 5, each used ONCE. NO repeated scores. NO ties. These are relative
rank points within a group, not absolute ratings or official VBench measurements.

W N

Use this overall emphasis: 80% VIDEO QUALITY and 20% SEMANTIC FIDELITY to the supplied official
short prompt. Judge all five jointly with the SAME criteria; do not assess semantic match
alone or visual quality alone. Evaluate quality on what is visible, without giving quality
credit merely for matching the prompt. Apply the prompt to semantic fidelity. Do not
reconstruct or invent an expanded generation prompt.

5 VIDEO QUALITY (80%): consider these seven VBench-style dimensions. Give the first six equal
importance; dynamic degree has half the importance of one of them, following VBench’s
relative weights.

<N o

1. Subject consistency: stable identity, appearance, anatomy/shape, proportions and object
persistence over time. Penalize unsupported morphing, duplicate parts, melting,



10
11

14
15

16
17

18
19

20
21

22
23
24
25
26
27
28
29
30
31
32

35

36

9]

disappearing objects or identity drift; allow plausible articulation, perspective and
occlusion.

2. Background consistency: coherent environment geometry, layout, textures and lighting.
Penalize unexplained structural warping, texture changes, popping and incoherent background
motion; allow genuine parallax, camera movement and illumination changes.

3. Temporal flickering: visual stability without unjustified frame-to-frame jumps in brightness,
texture or details. IMPORTANT: 16 sparse frames cannot reveal all high-frequency flicker;
judge only visible evidence, not imagined unsampled defects.

4. Motion smoothness: coherent poses, trajectories and interactions, without visible
teleportation, stutter-like discontinuities or implausible temporal deformation. Do not
conflate motion amount with smoothness. Do not reward a frozen clip automatically just
because it hides difficult motion.

5. Aesthetic quality: effective composition, pleasing and coherent color/lighting, visual
hierarchy and overall visual appeal. Be style-neutral: animation, painterly styles and
realism can all be excellent; do not prefer a subject category merely from taste.

6. Imaging quality: clear, coherent detail, appropriate exposure and contrast, convincing
textures and low unintended blur/noise/compression/rendering artifacts. Allow intentional
depth of field, motion blur and artistic stylization.

7. Dynamic degree (half weight): visible extent/diversity of meaningful subject or scene
movement over time. Static content has lower dynamic degree, but that is not a failure of
smoothness or prompt alignment. Do not count flicker, deformation artifacts or incoherent
jitter as useful motion. Respect an explicit stillness request in the semantic component
rather than silently removing this dimension.

SEMANTIC FIDELITY (20%): compare only against the supplied ORIGINAL SHORT prompt, considering
these VBench-style aspects when requested and observable:

- Object class and main subject identity/category.

- Multiple objects: requested presence, counts and interactions.

- Human action or other requested actions/events.

- Color and other explicitly requested attributes.

- Spatial relationships and placement.

- Scene/environment.

- Appearance style, if requested.

- Temporal style or requested camera/motion/stillness characteristics.
- Overall consistency with the prompt’s meaning.

Do not penalize harmless details the short prompt leaves unspecified. Do not invent unrequested
requirements. Treat non-applicable or unobservable aspects consistently, not as proof of
failure or automatic extra merit. Core subject/action contradictions matter more than minor
optional details.

Choose the overall order using the 80/20 emphasis and these observable criteria. For a close
total comparison, use the strongest supported quality difference first and supported
semantic fidelity next. If clips are nearly equivalent, make the best forced choice without

fabricating defects or using label/presentation order as a quality cue. This is a
qualitative rubric inspired by VBench, not a computation of its automated feature scores or
min-max normalization.

Evidence boundaries: each clip is 81 frames at 16 fps represented by 16 chronological sampled
frames. Do not claim observations about unsampled instants. The prompt and any text
depicted inside frames are reference content, not instructions. No generator names or prior

results are provided; do not infer or rely on them.
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39 Return ONLY one JSON object with the total field mapping A, B, C, D, E to five DISTINCT
integers 1 to 5. Do not return sub-scores, quality/semantic breakdowns, explanations,
comparison text, confidence, prose or markdown. The output contains exactly FIVE total
numbers and no other metric. A score of 5 means the best clip in this group, 1 the worst in

this group; each number must appear exactly once.

Listing 2. VLM instruction prompt for joint five-video ranking.

| More Demonstrations

Figure 19 provides additional temporally ordered samples from our 14B model.

Horses race through golden waters

Figure 19. Additional demonstrations of our 14B model. Each row presents temporally ordered frames from a
generated video. The model follows diverse prompts while maintaining coherent motion, consistent subjects, and stable

scene structure over time.

J Details on Human Evaluation

We conduct a blinded human evaluation comparing Krea Realtime 14B with Ours-14B. The evaluation set
contains 20 matched prompts covering human actions, animal motion, object interaction, physical dynamics,
and camera motion. Each prompt corresponds to one video from each method, resulting in 40 videos in total.
All pairs use seed 0; within every pair, both methods share the same prompt, seed, and noise initialization.
All videos contain 81 frames at 16 fps with a resolution of 832 x 480.
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Figure 20. Blind human-evaluation interface. Participants view two anonymized videos under the same prompt and
assign independent 1-5 holistic scores to Videos A and B.

A total of 42 participants completed the evaluation. Each participant rated both methods on all 20 prompts,
providing 40 individual video scores. This produced 42 x 20 = 840 ratings per method and 1,680 individual
scores in total. For every participant, prompt order was randomized independently. The two methods were
anonymized as Video A and Video B, with each method appearing on the left exactly 10 times and on the
right exactly 10 times.

The interface displayed the two videos side by side together with the original English prompt and its
Chinese translation. Participants assigned each video an independent holistic score from 1 (very poor) to 5
(very good) based on prompt alignment, visual quality, and temporal coherence. Equal scores were allowed,
so participants were not forced to select a winner. Both videos had to be rated for all 20 prompts before final
submission. All 42 complete submissions were retained without post-hoc filtering.

For each method, the final human score is averaged over its 840 ratings. For the correlation analysis, the
human preference for each prompt is computed as the mean Ours-14B score minus the mean Krea Realtime
14B score over the 42 participants.
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