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Fig. 1: Ring Forcing endows autoregressive video diffusion models with pre-
cise long-term memory and robust object permanence. It preserves exact object
identity through prolonged occlusions and disappearances, significantly outperforming
SOTA baselines (a, b). Even across an extreme 60-second gap, our method faith-
fully recovers complex high-frequency details from distant history (c). This effectively
overcomes the limitations of short context windows and generalizes robustly to uncon-
strained real-world video histories (d).

Abstract. Scaling video generation to long durations reveals a criti-
cal bottleneck: current models lack robust long-term memory. This defi-
ciency can be studied along two critical aspects: object permanence, the

* Project lead and corresponding author.
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ability to precisely reproduce the appearance of objects upon re-entry;
and memory capacity, the ability to process ultra-long context and use in-
formation from distant history. Robust long-term memory requires both:
object permanence without sufficient context handling limits the tempo-
ral scope, while long context length without permanence fails to maintain
identity. To address this, we present Ring Forcing, an autoregressive
video diffusion framework designed to robustly construct and precisely
utilize long-term memory. Our ring-structured training strategy enforces
retrieval from distant history, effectively reconciling the trade-off between
strict historical adherence and generative diversity. To expand memory
capacity, we introduce a compression and timestep composition strat-
egy. Under fixed sequence length constraints, this method extends the
effective historical span to minutes-long durations and achieves a compre-
hensive receptive field over the entire history. Furthermore, we present a
sparse RoPE mechanism to enable flexible, scalable memory adaptation
while fully exploiting pre-trained priors. Extensive experiments demon-
strate that Ring Forcing achieves superior minutes-long coherence and
object permanence, significantly outperforming state-of-the-art methods.

Keywords: Long Video Generation - Autoregressive Video Diffusion -
Long-term Memory

1 Introduction

Diffusion Transformers have recently advanced video generation, producing short
clips with striking realism [11},/22,/33,34.44]. However, the research frontier is no
longer confined to a few seconds: emerging applications increasingly demand
minutes-long rollouts with sustained narrative coherence [19}38,41,51]. At this
horizon, the central obstacle is not local smoothness but long-term memory: the
ability to preserve and reuse information that may disappear from view and
return much later. Autoregressive video models [19,/27}33},50] still struggle with
object permanence. A canonical failure occurs when an object exits the camera
frustum and later re-enters: despite being observed earlier, the model frequently
regenerates it with a different identity (Fig. ) Crucially, this behavior is not
solely explained by limited context length; even when long histories are provided,
models often treat distant observations as weak evidence. In effect, they learn to
continue the immediate visual stream but fail to retrieve decisive information
from the distant past.

We identify the root cause of this limitation to a misalignment between
training objectives and inference requirements. Standard video training
data typically presents a “linear narrative” bias, where objects rarely exit and
reappear within a short context window. Constrained by this bias, models tend
to learn “myopic” transition probabilities (i.e., inferring x;41 solely from x),
with little incentive to learn how to retrieve information from distant history
(as visualized in Fig. ) In essence, the model learns to smoothly continue
the video sequence but fails to learn how to retrieve answers from history, ren-
dering long-term context effectively useless during inference even when provided.
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Fig. 2: Attention allocation of Predicted Frames to History Frames. (a) Stan-
dard Linear Training suffers from myopic attention bias, failing to retrieve effective
information from distant history. (b) Ring-Structured Training (Ours) enables
the model to extract more information from the past, achieving precise retrieval of
historical frames.

Beyond the training paradigm, another fundamental bottleneck lies in the in-
ability to precisely utilize distant historical information. Most existing long-video
solutions operate at the frame or token level, creating an inherent dilemma: ex-
panding the receptive field to cover long history requires increasing the sequence
length, which incurs prohibitive computational costs; conversely, reducing the se-
quence length inevitably shrinks the receptive field. This trade-off fundamentally
limits the construction of long-term memory required for consistent long-video
generation.

To address both bottlenecks, we propose Ring Forcing, an autoregressive
video diffusion framework designed for robust long-term memory construction
and precise utilization. Our core insight is to create training instances where the
supervision for the current target is anchored in the distant past. Specifically, we
introduce a ring-structured data construction where “the future becomes the his-
tory,” embedding the ground-truth target clip into historical frames. This turns
long-range retrieval from an optional behavior into a necessity for minimizing
training error, yielding a highly precise retrieval focus on the distant
target (Fig. ) To prevent degenerate shortcuts and to balance strict history
adherence with open-ended continuation, we further employ a random head-
cropping and context-drop strategy that controls whether the history contains
direct supervisory evidence.

Ring Forcing also targets scalability. Leveraging the empirical prior that dif-
fusion models emphasize global structure at high noise levels and fine details at
low noise levels, we propose compression and timestep composition to expose
complementary views of history across timesteps. This design extends the effec-
tive history length to cover minutes-long durations under a fixed sequence-length
budget while maintaining full historical coverage. Finally, to maximize transfer
from pretrained priors under variable compression and history length, we in-
troduce sparse Rotary Positional Embedding (RoPE) that anchors compressed
tokens to their physical spatiotemporal coordinates. Experiments show that Ring
Forcing improves object permanence and enables faithful reuse of minutes-long
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history (Fig. , establishing a strong baseline for long-term memory in video
generation.
Our main contributions are summarized as follows:

— We introduce Ring Forcing, an autoregressive video diffusion framework
that equips long-duration generation with precise long-term memory and
improved object permanence.

— We devise ring-structured training that embeds targets into distant his-
tory and enforces explicit long-range retrieval, together with a cropping and
context-drop mechanism that balances fidelity and diversity.

— We propose timestep-composed long-context conditioning integrated with
sparse rotary positional encoding. This approach achieves a significant ex-
pansion in effective context under fixed sequence length constraints, enabling
the faithful reproduction of minutes-long history and significantly outper-
forming SOTA methods.

2 Related Work

2.1 Autoregressive Video Diffusion

While bidirectional video diffusion models such as Wan and HunyuanVideo |20,
21)133144] excel at short-clip generation, scaling them to long videos is constrained
by the quadratic cost of bidirectional attention. Consequently, autoregressive
video diffusion has become the prevailing framework for long video generation.
Recent works, including SkyReels-V2, Magi-1, and CausVid |19}|38},41,/51], have
achieved impressive visual quality. However, autoregressive generation inherently
suffers from error accumulation and challenges in long-sequence context model-
ing, hindering the generation of longer and higher-quality videos.

To tackle this issue, various strategies have been proposed |3}[12/15,[23}|42].
One line of work focuses on training paradigms: FramePack [57] introduces a
planned anti-drifting mechanism, while LongLive [48] employs attention sinks
coupled with a “train long, test long” strategy. Other approaches enhance ro-
bustness by simulating inference errors during training. For instance, Rolling
Forcing 27| proposes a joint denoising scheme; Self-Forcing++ [6] utilizes local
teacher distillation on self-generated sequences; and SVI [24] alongside Resam-
pling Forcing [13| exposes the model to synthesized or imperfect history to learn
error correction capabilities. In parallel, some works focus on efficient video gen-
eration architectures. For instance, SANA-Video [4] incorporates linear attention
into video generation, while others explore the use of more efficient VAEs [514] or
optimize attention mechanisms for long sequences |[8,/9,25,54-56]. Furthermore,
training-free methods have also been explored [30431], such as Deep Forcing |50],
which utilizes a “Deep Sink” mechanism, and Infinity-RoPE [49], which adjusts
Rotary Positional Embeddings to constrain the generation process closer to the
pre-trained distribution.
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2.2 Context Modeling for Long Video Generation

Global consistency in long video generation relies on efficient context manage-
ment, generally categorized into retrieval-based and compression-based methods.
(1) Retrieval-based approaches aim to select the most relevant historical
information to extend the effective memory horizon. For instance, Context-
as-Memory [52] and WorldMem |46 incorporate Field-of-View-based retrieval
mechanisms within world models, while Pack-and-Force [45] employs a contex-
tual semantic retriever. Memory Forcing [18] persists memory through 3D point
cloud reconstruction, whereas Deep Forcing [|50] utilizes attention mechanisms
to retrieve relevant KV caches. RELIC [16] uses time reversal to construct revisit
data for spatial memory in video world models. Recent advancements also focus
on hybrid architectures and state-space mechanisms; for example, VideoSSM [53|
utilizes a hybrid State-Space Memory, and long-context state-space video world
models [36] have been developed to handle autoregressive long video genera-
tion efficiently. Furthermore, Mixture-of-Contexts [1] learns attention routing
to identify critical historical segments across multi-clip generation tasks. (2)
Compression-based methods aim to condense historical information into
compact representations. FramePack [57] compresses prior frames into fixed-size
latent “packs”. WorldPack [35] improves spatial consistency in world models via
history packing. TTTVideo [7] and LaCT [60] introduce learnable parameters
as memory representations that are updated during inference (Test-Time Op-
timization). Similarly, TinyHistory [58| pre-trains a context compression model
via the reconstruction loss. Nevertheless, while these approaches successfully ex-
tend the input context window, they leave out direct training objectives that
explicitly enforce the utilization and reproduction of historical information.

3 Method

We propose Ring Forcing, an autoregressive video diffusion framework for long-
term memory construction and precise utilization. It integrates three designs:
ring-structured training for explicit long-range retrieval (Sec. 7 timestep-
composed history compression under a fixed context budget (Sec. , and
sparse RoPE for consistent spatiotemporal scaling under variable compression
(Sec. [3-3). We train the model with a rectified-flow objective [10}[28] that unifies
these components (Sec. .

3.1 Ring-Structured Training Strategy

As shown in Fig. |3] we introduce a training strategy based on ring-structured
sequences. The key idea is to embed the ground-truth target clip into the distant
history, turning long-term retrieval into a self-supervised learning signal.

Ring-Based Sequence Construction Formally, let V = {v1,v9,...,un} denote
a raw video sequence of N frames. We construct a closed-loop reference video
Vying by concatenating the original sequence with its reversed counterpart Vy.e, =
{UN, UN—1,--- ,’Ul}:

Vring = [Vavrev}- (1)
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Fig. 3: Overview of the Ring-Structured Training Strategy. We construct a
sequence ring by concatenating a linear raw video with its reversed counterpart. By
unrolling the ring into a conditioning sequence, the target frames are naturally em-
bedded into the distant history as the Hidden GT, which essentially forces the autore-
gressive generator to learn explicit long-range retrieval. To prevent trivial shortcuts,
a Random Head Crop is applied to truncate boundary information leakage, while a
Random Context Drop is used to balance history adherence and generation diversity.

History-Target Decomposition We strictly sample the target video clip x;4; from
the forward part V to preserve the arrow of time. Based on the target sequence
of length L4, denoted as x;g; = {v¢,...,vs41,,,—1}, we decompose Vyingy into
three consecutive segments: (1) Original history horg = {v1,...,v,—1}, (2) Target
clip x¢g¢ = {v¢,..., V¢4 L,,,-1}, and (3) Synthetic history hy, is the remaining
segment in the ring, which contains the reversed target clip as a distant subse-
quence.

To construct the conditioning context, we place the synthetic history before
the original history:

Cfull = [hsynvhorg]~ (2)

This ring-based construction ensures visual continuity throughout the reference
sequence by leveraging the temporal symmetry of the reversed video.

Leakage Prevention via Random Head Crop In this constructed history Cy,
a trivial shortcut (information leakage) exists at the head of the sequence. The
first frame of hyy, is v¢1r,,,, which is temporally adjacent and visually similar
to the last frame of the target clip (viyr,,,—1). If left unaddressed, the model
can infer the end of the target simply by looking at the beginning of the history,
ignoring the context (the reversed target clip x;5y') embedded later in hgy,. To
prevent the leakage shortcut while forcing the model to leverage the full context,
we apply a Random Head Cropping strategy. Concretely, we randomly remove
a prefix of the synthetic history while preserving the reversed target clip inside
h,yn, yielding the cropped context C,op, Which removes the shortcut while
keeping the distant answer retrievable.



Ring Forcing 7

Balancing Adherence and Diversity via Ring Context Drop To regulate the trade-

off between strict history adherence (when the target is retrievable from the

past) and open-ended generative diversity (when it is not), we introduce a Ring

Context Drop mechanism. Rather than always enforcing the ring structure,

we randomly drop the entire synthetic history during training. Specifically, we

sample a boolean variable b ~ Bernoulli(1 — parop) and formulate the final con-
ditioning context as:

{Ccm, ifb=1 (Ring Mode),

Cfinal = . (3>

h,, ifb=0 (Standard Mode).

When b = 0, the ring-constructed context is completely dropped, thereby pre-
venting the model from over-relying on the synthetic history and forcing it to
learn unconstrained progression solely from h,,.;. When b = 1, the model learns
to explicitly leverage the embedded target for precise long-term consistency.

3.2 Compression and Timestep Composition

While the Ring-Structured strategy provides the essential supervision for long-
range retrieval, directly attending to minute-long raw history is computationally
prohibitive due to the quadratic complexity of attention. To resolve this, we
propose Timestep-Composed Compression, which maps a long history Zp; s
into a bounded conditioning sequence C under a fixed token budget Bj,qz- This
design ensures efficient memory utilization while preserving both global structure
and local details.

Token Budget and Compression Operator We define a spatiotemporal compres-
sion operator W(Z;ry, ry,r¢) that downsamples history in space and time to fit

Bmaw-

Timestep-Dependent Composition Operator Uniform spatiotemporal downsam-
pling inevitably sacrifices high-frequency details. However, we leverage the in-
trinsic generative nature of diffusion models: high-noise intervals primarily de-
termine semantic structure and global motion, whereas low-noise intervals focus
on refining local textures and edges. Motivated by this, we define a Compos-
ite Condition Operator &(Zy;s:,t,0) that dynamically transforms the history
representation based on the diffusion timestep ¢:

U(Zpise; s, r8,1%), t>T
S (W(Zhistﬂ”gﬂ"gjﬂ"?),é) ) t S T

dj(zhistv ta 5) = { (4)

Here, the first branch provides a temporally dense context for recovering
global structure, while the second branch preserves high-frequency spatial de-
tails with temporally sparse sampling. S(-,9) is a cyclic shift over the temporal
sampling grid, and varying § ensures full coverage over long histories.
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3.3 Sparse RoPE Strategy

To maximize the use of pretrained
video generation priors (i.e., the
model’s perception of relative space-
High Noise time structures), and to accommodate
T historical contexts of varying com-
v pression rates and lengths, we in-

troduce a sparse RoPE strategy. As

[] Global History [[] Detail History [] Target Frames

HidE s o Low Noise shown in Fig. ] instead of encoding
OB TP Timest -
ki lilnki! WRdiki A fmesiep the compressed history features us-
= > > > > . . . . . .
— ing their discrete indices in the latent

space, we map them back to the origi-

Fig.4: Timestep-composed long- nal continuous spatiotemporal coordi-

context conditioning. nate system used during pre-training.

Formally, we treat the target clip

as the reference coordinate system with origin (0,0,0). For a compressed his-

tory token at index (t,h,w) with spatial downsampling factor s and temporal

downsampling factor s;, we map it back to physical coordinates (¢, h, ) in the
original grid:

855+ 0.5 (s — 1), (5)
T=—((Lpist —1—1)-8.+05- (s, —1) +0.5), (6)

where Ly;s: is the number of compressed history steps along time. The spatial
terms center the token within its corresponding patch, and the temporal term
places the history strictly in the negative relative-time domain. We then compute
3D RoPE using (%, h,@) to preserve consistent relative spatiotemporal scales
under variable compression.

3.4 Training Objective

We adopt the rectified flow framework and train the generator Gy to predict
the velocity field derived from the clean target Z;q4;. The training objective uni-
fies the ring-structured strategy (controlled by b) and the compression strategy
(encapsulated by @) into a holistic loss function. Let Zg?st denote the history la-
tents constructed by the ring strategy, where b ~ Bernoulli(1 — pqyop) determines
whether to use the ring context (b = 1) or standard context (b = 0). The final
conditioning input is computed as C= @(Z;Lbi)st,h 9). The formal optimization
objective is:

- 12
CRing = Et,Ztgt,e,b,zi |: (6 - Ztgt) - Gﬁ(zih t, C)H2:| . (7)

In this formulation, ¢ ~ U(0, 1) represents the sampling timestep, and Z; =
(1 —t)Zyg + te denotes the noisy latent mixed with Gaussian noise € ~ N(0, I).
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The joint expectations over b, t, and J optimize the model to balance precise
history retrieval with generative diversity, while efficiently capturing both global
structures and local details across varying noise levels.

4 Experiments

In this section, we present a comprehensive evaluation of Ring Forcing. We begin
by detailing the implementation and experimental setup. Next, we compare Ring
Forcing against state-of-the-art long video generation models to demonstrate its
superiority in maintaining object permanence and long-term consistency. Fi-
nally, we conduct in-depth ablation studies to validate the efficacy of our core
contributions: the Timestep Composition strategy, the ring-structured training
trade-offs, and the sparse RoPE mechanism.

4.1 Implementation Details

Dataset Construction We utilize the UltraVideo-Long dataset [47]. To isolate the
challenge of temporal consistency within continuous shots, we filter the dataset
to retain only single-shot videos. We curate a training set of 10,000 long-duration
videos, each with a duration ranging from 10 to 240 seconds. All video data is
standardized to a resolution of 480 x 832 and a frame rate of 15 FPS to match
the training requirements of the base models.

Model Instantiation We instantiate Ring Forcing using two backbones: Wan2.1
T2V 1.3B and Wan2.2 T2V A14B [44]. All ablation studies are conducted on
the Wan2.1 1.3B variant, while the final comparative evaluation employs the
Wan2.2 A14B model. To ensure parameter efficiency, all models are fine-tuned
using Low-Rank Adaptation (LoRA) [17] with a rank of » = 128. Training for the
Wan2.2 A14B model was distributed across a cluster of 32 NVIDIA H800 GPUs
for 7,000 steps, taking approximately 30 hours. For inference, we utilize a single
NVIDIA H800 GPU. By aligning the effective sequence length with the standard
generation length via compression, our method maintains computational costs
virtually identical to the original model. Consequently, Ring Forcing is deployable
on any hardware supporting the base Wan model, incurring negligible overhead
i VRAM or compute.

4.2 Comparison with Baselines

Baselines We compare Ring Forcing against three leading long-video generation
models: LongLive |48|, LongCat [33], and FramePack [57].

Evaluation Protocol Object permanence is a core manifestation of a video gener-
ation model’s long-term memory capacity. To rigorously quantify this capability,
we specifically design a benchmark based on an “Appear-Disappear-Reappear”
(A-D-R) logic. Additionally, to evaluate the model’s long video generation capa-
bilities, we conduct a targeted assessment of its general performance in generat-
ing 1-minute coherent long videos.
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Table 1: Quantitative results on the A-D-R Benchmark. Metrics are cate-
gorized into Consistency and General Performance. I.F. denotes Instruction Follow-
ing. For Atgep > 5s, baselines are excluded because the “appear” segment falls com-
pletely outside their maximum context window. Best results are highlighted in bold,
and second-best are underlined.

Gap Model Consistency General Performance

(Atgap)

Texture Geometry Semantic Aesthetic LF. Dynamics

LongLive 0.578 0.896 0.886 5.032 24.117 1.615
LongCat 0.737 0.950 0.925 5.214 24.090 1.493

0
®  TFramePack 0605  0.949 0913  5.222 23162  1.662
Ours 0.742  0.997 0918 5216 24.642  1.550
LongLive  0.181  0.297  0.707  5.080  23.803  1.694
L, LongCat 0236 0368 0712 5138  23.894  1.990
FramePack 0.252 0.287 0.692 5.220 23.040 1.093
Ours 0.723  0.839  0.823 5176  24.601  2.617
LongLive  0.290  0.303  0.730 5065  23.933 1555
., LongCat 0203 0328  0.722  5.148 23859  1.640
FramePack  0.250 0264  0.701  5.229 22795  0.996
Ours 0.515 0.761 0.831 5163 23.940 2.371
155  Ours 0509  0.653 0802 5104 23803  2.689
30s Ours 0421 0621 0822 5055 23590  2.946
60s Ours 0396 0582 0793 5014 22872  1.809

A-D-R Benchmark To rigorously and fairly measure the model’s memory re-
trieval capability across temporal dimensions, we meticulously construct an A-
D-R prompt library comprising 64 test cases. Each test case consists of four core
elements: an appear prompt, a disappear prompt, a reappear prompt, and a
precise subject keyword. During video generation, the durations of the “appear”
and “reappear” segments are fixed at 5 seconds each. Furthermore, to prevent
the model from exploiting shortcuts by relying solely on the initial frame, the
first frame is intentionally devoid of the target subject, and its appearance is
randomly triggered within the first 5 seconds, thereby better approximating re-
alistic dynamic generation scenarios. By dynamically adjusting the duration of
the intermediate “disappear” segment, we systematically investigate the model’s
capability bounds in maintaining subject identity across varying temporal spans.
Specifically, we set the disappearance durations to 0 (where the entire video is
evaluated as a control group), 1, 5, 15, 30 and 60 seconds.

To maximally isolate the consistency evaluation from background interfer-
ence, we employ SAM 3 [2| combined with subject keywords to perform pre-
cise zero-shot instance segmentation on the appear and reappear segments. We
also perform subject detection on the disappear segment to exclude cases where
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Fig.5: Qualitative results on the Appear-Disappear—Reappear (A-D-R) benchmark.
Our model demonstrates robust object permanence by retrieving identity information
from distant history, ensuring consistent subject reconstruction even after long tempo-
ral gaps where baseline models typically fail.

the subject fails to vanish from consistency calculations, while our meticulous
prompt design ensures that most cases successfully adhere to the A-D-R logic.
For both segments, we extract the keyframe with the largest subject mask area,
crop the subject, and normalize it against a pure white background. For the
extracted subject images before and after disappearance, we comprehensively
employ SIFT , LoFTR , and DINOv3 to evaluate local texture con-
sistency, geometric structure consistency, and high-level semantic consistency,
respectively. This multi-dimensional feature matching strategy allows us to thor-
oughly quantify the preservation of object identity. Furthermore, general metrics
are evaluated on the reappear segments: we utilize the Improved Aesthetic Pre-
dictor to quantify the aesthetic quality of the videos, employ X-CLIP to
measure instruction following capabilities, and apply Optical Flow-based Motion
Magnitude to quantify the amplitude of video dynamics.

General Video Generation Benchmark To comprehensively evaluate the model’s
generalized capability in regular scenarios, we construct a General Benchmark
comprising 64 diverse prompts. These prompts are utilized to generate 60-second
continuous videos where the explicit “disappear-reappear” logic is absent, and
the primary subjects maintain a persistent presence. We adopt the same au-
tomated metrics used in the A-D-R benchmark to evaluate aesthetic quality,
prompt adherence, and motion magnitude, and further include Motion Smooth-
ness by calculating the normalized frame interpolation error via AMT to
quantify temporal fluidity. Furthermore, to assess complex perceptual qualities
that automated metrics struggle to capture, we introduce the Large Multimodal
Model Qwen3-VL to conduct a comprehensive 5-point scale evaluation. This
evaluation focuses on three critical dimensions: physical logic rationality to en-
sure realistic object interactions, spatiotemporal consistency to prevent semantic
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Table 2: Quantitative comparison on the General long-video generation
benchmark (1 minute).

Model Objective Metrics User Study
. . Motion Instruction . Overall

Aesthetic Dynamics Naturalness Smoothness  Following Consistency Quality
LongLive 5.622 1.056 3.031 0.991 24.805 4.12 2.25
LongCat 5.808 2.196 3.875 0.991 25.341 3.59 4.19
FramePack 5.728 1.790 3.656 0.991 25.014 3.71 4.04
Ours 5.822 2.261 3.922 0.986 25.471 4.35 4.22
Base model 5.825 1.974 4.016 0.984 25.136 N/A

T Wan2.2-T2V-A14B (5.4s).

collapse over time, and visual naturalness to penalize unnatural flickering and
morphological distortions.

Human Evaluation To further validate our results through human perception,
we conducted a Human Evaluation involving 21 participants from diverse back-
grounds. We randomly sampled 10 video pairs from the General Benchmark
(pairing our generated videos with those from baseline models). Under a strict
blind-test protocol, evaluators rated each video on a 0-5 scale with a primary
focus on “Overall Video Quality.”

Results Analysis Comprehensive evaluations demonstrate that Ring Forcing
achieves state-of-the-art long-term memory and general video generation quality.
First, on the A-D-R benchmark (Tab. [I} Fig. , Ring Forcing exhibits robust
object permanence by precisely retrieving distant history. Conversely, baselines
suffer catastrophic forgetting when targets temporarily disappear, restricted by
short-sighted attention biases from linear training. Second, Ring Forcing funda-
mentally breaks the “consistency vs. dynamics”’ trade-off. Baselines like LongLive
over-rely on the initial frame as an attention sink, degenerating into static or
repetitive outputs (low Dynamics). In contrast, Ring Forcing yields rich, fluid
motions while maintaining strict spatiotemporal consistency. Finally, General
Benchmark results (Tab. [2| Fig. @ show that Ring Forcing preserves the back-
bone’s generative priors while extending generation to 60-second videos. Among
long-video baselines, it achieves the best aesthetics, naturalness, and overall hu-
man preference, demonstrating that our long-term memory mechanism improves
temporal coherence without substantially degrading visual quality.

4.3 Ablation Studies

Impact of Compression and Timestep Composition We first investigate the im-
pact of spatiotemporal compression strategies on the model’s ability to recon-
struct history. We construct a test set of 128 unseen samples where the “answer”
(ground truth target) is naturally embedded within the history using our Ring-
Structured construction. We evaluate reconstruction fidelity using photometric
and perceptual metrics [59).
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Fig. 6: Qualitative results of 60-second long video generation. The visualization demon-
strates the model’s capability to maintain overall consistency and visual quality
throughout a 1-minute duration in general scenarios.
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. . . generally yields superior reconstruc-
Fig. 7: Effectiveness of Timestep Com- (i, SSIM compared to the “Detail

position Strategy. Stream Only” baseline (aggressive

temporal compression). This sug-
gests that for precisely leveraging long-term history, retaining temporal density
is often more critical than spatial resolution. Building on this insight, we evaluate
our proposed timestep composition strategy. As shown by the green bars in Fig.
[ our method dynamically synergizes the structural guidance from the global
stream with the fine-grained refinement from the detail stream. Remarkably,
without increasing the sequence length compared to single-stream baselines, the
combined strategy consistently outperforms both standalone baselines across all
metrics and compression settings, compellingly validating the effectiveness of our
dual-stream design.

To balance reconstruction quality and long-video capacity, we select 2 x 2 X
841 x 1 x 32 as our default. Under this configuration, the inference overhead for
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Table 3: Ablation study on Ring Context Drop probability parop-

Ring Mode (Reconstruction) Standard Mode
PSNR 1 SSIM + LPIPS | Diversity Score 1

pd'rop

0.0 25.02 0.73 0.12 3.71
0.2  24.67 0.72 0.12 3.93
04 2422 0.71 0.13 4.11
0.6 24.02 0.71 0.13 4.13
0.8  23.02 0.68 0.16 4.21
1.0 21.86 0.65 0.21 4.23

Table 4: Comparison of reconstruction capabilities between standard index-based
RoPE and our sparse RoPE.

Method PSNR 1 SSIM 1 LPIPS |

Standard RoPE 19.05 0.58 0.27
Sparse RoPE (Ours) 24.22 0.71 0.13

140s of history is virtually identical to the original Wan model’s 5.4s generation,
enabling efficient long-video synthesis without increasing hardware requirements.

Trade-offs of Adherence and Diversity To determine the optimal balance be-
tween object permanence and generative diversity, we conduct an ablation on
the Ring Context Drop probability pg,., (Which controls the Bernoulli variable
b). We employ a dual-evaluation protocol that measures reconstruction fidelity
on 128 unseen samples with embedded answers (Ring Mode), and generates
15-second video continuations on 128 samples without embedded answers (Stan-
dard Mode). In this mode, we employ Qwen3-VL to assess the diversity of the
generated content relative to the input history on a 5-point Likert scale, and
we report the average score across all samples. As shown in Tab. [3] we identify
Ddrop = 0.4 as the “sweet spot”, where the model maintains high reconstruction
fidelity without collapsing into mode dropping.

Efficacy of Sparse RoPE To validate whether our Sparse RoPE strategy effec-
tively leverages pre-trained priors, we compare the reconstruction capabilities
of two models trained with identical settings: one using standard index-based
RoPE and the other using our Sparse RoPE. As presented in Tab. [d] experi-
mental results demonstrate that sparse RoPE better utilizes priors to achieve
faster convergence and superior reconstruction quality. This confirms that map-
ping compressed tokens back to their physical coordinates significantly aids the
model in understanding relative spatiotemporal relationships.

5 Conclusion

We address the challenge of establishing robust long-term memory in autoregres-
sive video generation, specifically targeting the critical bottlenecks of object per-
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manence and memory capacity. We proposed Ring Forcing, a unified framework
that enables the robust construction and precise utilization of long-term mem-
ory. Through our ring-structured training strategy, we successfully extracted rich
information from long-term history, effectively reconciling the trade-off between
historical adherence and generative diversity. Furthermore, our compression and
timestep composition mechanism expanded the effective historical span to sup-
port minutes-long generation under fixed sequence length constraints, achieving
a comprehensive receptive field over the entire history. Together with the sparse
RoPE mechanism, our approach enables the precise utilization and reproduction
of information spanning minutes-long history. Ring Forcing establishes a foun-
dational paradigm for future research into infinite-context generative modeling,
paving the way for consistent, long-duration video synthesis.
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