Streaming Video Generation as
a Memory Problem

From Contextual to Parametric Memory
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Diffusion based video generation

Limited generation duration
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From Short Clips to Causal
Rollout



AR based video generation
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AR based video generation
CausVid
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History frames as context
Streaming T2V

Dual-timescale Memory
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History frames as context
History guided video diffusion

DiT — DiT
Bm poa 44 NXOsele = S S S T S T
g 1 5 Patchify Patchify . Patchify Patchify Patchify Patchify Patchify :
E » % : : AdaLN - : ' : : s
- _>b+
' Scale <
K Attention :
rr ' AdaLN - MLP R . . G
S k=05 noisy generation target | 5 noise | | | | ;
— ’ Y9 g Tokens Condition level k=06 k=1 0 k=02 k=05 k=0.7
(a) Conventional Video Diffusion (b) Diffusion Forcing Transformer
Denoising X N
3 5] ~ ~ S —
- ' Without History Guidance !
- = e
Po__v_ . Bl : SEIE :
[2 | mi : ®§ ' : Vanilla History Guidance :
> 1 I : = | — )
B3 " :«\» 1 S|+ (S2)— (S —
Z. | = : : Temporal History Guidance :
e A o 2 I I ' o ” 1
;..; = "%Ftﬂ o S|+ (s|-[s i
| | 5 - Masked™ : : Fractional History Guidance :
Random noise (a) Noise as masking (b) Estimating scores using DFoT (c) Composing scores

History guided video diffusion ICML 2025




History frames as context

Context as memory
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Towards Stable Rollout



Stable Rollout
Self forcing

Test-Training gap
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Stable Rollout

Rolling forcing
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Stable Rollout
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Stable Rollout

Relax forcing
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From Contextual to Parametric
Memory




Parametric Memory

Separate Motion from Appearance
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Parametric Memory

One-Minute Video Generation with Test-Time Training
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Parametric Memory

TTOM
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Parametric Memory
SlowFast-VGen
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Parametric Memory

Pathwise Test-Time Correction for Autoregressive Long Video Generation
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Parametric Memory

In-Place Test-Time Training
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Parametric Memory
LoRA as Knowledge Memory

 Hybrid Memory is better

Embrace Hybrid Memory for Robustness. Our results in-

e LORA&ICL in video generation dicate that LoRA-based parametric memory is best viewed
not as a replacement for context-based methods, but as a
e JTest Time Training complementary component. While LoRA can reduce infer-

ence costs for repeated access to a stable knowledge base,
peak performance on long and multi-hop settings 1s achieved
when LoRA 1s combined with external context (ICL/RAG),
which mitigates fragmentation and restores global coher-
ence. Together, these findings can position LoRA as a prac-
tical complementary axis of memory alongside RAG and
ICL, and motivate hybrid systems as a promising direction
for robust and efficient knowledge access.

Understanding LORA as Knowledge Memory: An Empirical Analysis Arxiv 2026.03
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LoRA
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