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Streaming video generation models typically rely on temporal-centric mem-
ory, which organizes historical context as raw frames, chunk segments, or
unclustered tokens. This organization frequently leads to identity drift and
semantic inconsistency when entities exit the frame or during interactive
prompt transitions. To address these limitations, we propose SlotMemory,
an object-centric Key-Value (KV) memory mechanism for streaming video
diffusion. Our approach shifts the memory abstraction from “when” an event
occurred to “what” is being represented by decomposing the transformer’s
KV manifold into discrete, reusable semantic slots. By utilizing these slots
as routing addresses to index and store high-fidelity KV tokens, we enable
entity-level persistence and prompt-aware retrieval across long horizons.
Evaluated on 60-second interactive narratives using the Wan2.1-T2V-1.3B
backbone, SlotMemory achieves a state-of-the-art quality score of 81.61 and
a 22.8% relative improvement in dynamic consistency over the strongest ex-
isting streaming baseline. Our results demonstrate that structured semantic
representation, rather than raw temporal capacity, is the essential primitive
for persistent long-form video synthesis. Our codes and checkpoints are
available in https://tj12323.github.io/SlotMemory/.

CCS Concepts: - Computing methodologies — Computer vision; Arti-
ficial intelligence.
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1 Introduction

The frontier of generative video modeling has rapidly evolved from
synthesizing isolated, short-duration clips [Chen et al. 2025; Ha-
Cohen et al. 2024; Wan et al. 2025] toward the more formidable
objective of producing long-form, persistent narratives. Current
streaming frameworks [Henschel et al. 2025; Huang et al. 2026;
Yang et al. 2026a] address this challenge via the autoregressive pro-
cessing of video chunks, utilizing a sliding window of historical
context to facilitate extended rollouts. However, these architectures
typically rely on a temporal-centric memory organization, where
history is represented as unclustered tokens, raw frames, or discrete
chunk segments [Gu et al. 2025; Kim et al. 2024; Yin et al. 2025].
This approach introduces a fundamental bottleneck: by treating
memory as a linear sequence of temporal slices rather than a struc-
tured representation of the scene, the models neglect the semantic
hierarchy of the visual field. Consequently, they frequently fail to
maintain identity coherence when entities exit and re-enter the
frame or when the synthesis requires long-range interaction.
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This temporal-centric memory organization precipitates two fun-
damental failure modes in long-horizon video synthesis. First, it
undermines entity persistence; when a character or object exits
the local temporal window and subsequently re-enters, the model
often fails to recover its unique attributes, resulting in visual drift or
identity switching. Second, existing architectures are ill-suited for
interactive, multi-prompt generation. When a prompt transitions-
for example, from a brown dog playing in a backyard to returning
to a porch-the model must distinguish between ephemeral motion
context that should be discarded and persistent semantic entities
that must be retained. Existing approaches, which predominantly
rely on uniform temporal decay or prompt-aware retrieval [Ji et al.
2025; Yang et al. 2026b; Yu et al. 2025], lack the structural aware-
ness to bridge these semantic gaps. Consequently, they suffer from
a cumulative loss of coherence, leading to catastrophic narrative
degradation over extended 60-second rollouts.

To address these limitations, we propose SlotMemory, an object-
centric KV memory mechanism designed to enforce long-term se-
mantic consistency in streaming video diffusion. Our core insight is
a shift in memory abstraction from temporal occurrence (“when”)
to semantic identity (“what”). We achieve this by decomposing the
transformer’s KV manifold into discrete, reusable semantic slots
via slot-based representation learning [Locatello et al. 2020; Man-
asyan et al. 2025]. Figure 1 presents long-form examples where
subject identity, key props, and action flow remain coherent across
scene changes and temporary occlusions. Unlike traditional object-
centric models optimized for unsupervised discovery in simplified
environments [Burgess et al. 2019; Greff et al. 2019], SlotMemory
bridges structured scene decomposition with high-resolution diffu-
sion. Specifically, it utilizes these slots as routing addresses to index
and store original, transformer-compatible KV tokens. This hybrid
architecture preserves the high-fidelity detail essential for diffusion
while providing a structured, entity-level index for efficient retrieval
across extended horizons.

Architecturally, the technical framework of SlotMemory centers
on a recursive read-write-update cycle that maintains a persistent
semantic memory bank within fixed computational constraints. Dur-
ing the writing phase, we leverage a temporally-initialized Slot
Attention mechanism [Manasyan et al. 2025] to partition high-
dimensional transformer manifolds into discrete, reusable semantic
regions. To facilitate selective retrieval, we introduce a prompt-
aware scoring function that calibrates textual alignment against
visual relevance; this mechanism ensures that core entities are pre-
served across narrative transitions while obsolete temporal context
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Fig. 1. Teaser examples of long-form subject persistence generated by SlotMemory. Each row shows six keyframes from one sequence, covering scene
transitions, action changes, and temporary occlusion. Across three different narratives (cat, rider, dog), the main subject identity and key visual anchors

remain consistent over time.

is evicted. By embedding this module directly into the attention stack
of the diffusion transformer, our architecture enables the model to
attend to structured entities rather than unstructured frames, funda-
mentally stabilizing the synthesis of complex, multi-stage narratives.

We evaluate SlotMemory using the Wan2.1-T2V-1.3B backbone
across a comprehensive suite of benchmarks, including a challenging
60-second interactive multi-prompt scenario. Experimental results
demonstrate that shifting toward an object-centric memory abstrac-
tion yields significant gains in long-term consistency and prompt
adherence over state-of-the-art streaming baselines [Ji et al. 2025;
Yang et al. 2026a; Yesiltepe et al. 2025]. Specifically, SlotMemory at-
tains a state-of-the-art quality score of 81.61 in interactive narratives
and a 74.29 dynamic score at the 30-second horizon-a 22.8% relative
improvement over the existing approach. By successfully mitigat-
ing cumulative feature drift across 60-second rollouts, this work
establishes that structured semantic representation, rather than raw
temporal capacity, is the fundamental primitive for persistent and
high-fidelity long-form video synthesis.

2 Related Work

Long and Streaming Video Generation. The frontier of video
synthesis has rapidly evolved from the generation of isolated, short-
duration clips [Bar-Tal et al. 2024; Blattmann et al. 2023; Chen et al.
2025; Guo et al. 2023; HaCohen et al. 2024; Ho et al. 2022a,b; Jin
et al. 2025; Singer et al. 2022; Wan et al. 2025; Wang et al. 2023; Wu
et al. 2023] to the production of extended, persistent narratives via
streaming frameworks. These architectures typically employ au-
toregressive rollouts to synthesize video chunks sequentially while
managing state carry-over under fixed computational budgets [Dalal
etal. 2025; Fang et al. 2025; Gu et al. 2025; Henschel et al. 2025; Huang
et al. 2026; Kim et al. 2024; Teng et al. 2025; Yesiltepe et al. 2025;
Yi et al. 2025; Yin et al. 2025; Zhang et al. 2025a]. To enforce long-
range consistency, contemporary streaming methods utilize explicit
historical memory banks coupled with prompt-aware retrieval [Cai
et al. 2025; Ji et al. 2025; Yang et al. 2026a,b; Yu et al. 2025]. How-
ever, a fundamental limitation remains: these approaches uniformly
organize memory as a sequence of discrete temporal slices—such

as raw frames, chunk segments, or unclustered tokens—prioritizing
local temporal smoothness over global semantic structure. This
temporal-centric organization often precludes robust entity-level
reusability, leading to identity drift when objects exit the frame
or during complex prompt transitions. Our method addresses this
bottleneck by shifting the memory abstraction from frame-centric
storage to slot-conditioned semantic storage, enabling visual entities
to persist independently of the local temporal window.
Object-Centric Representation Learning. Object-centric rep-
resentation learning aims to decompose complex visual scenes
into discrete, reusable latent components rather than monolithic
global features. Building upon foundational slot-attention mecha-
nisms [Burgess et al. 2019; Engelcke et al. 2020; Greff et al. 2019;
Locatello et al. 2020], recent advancements have extended these
frameworks to handle intricate temporal dynamics, 3D consistency,
and naturalistic video sequences [Chen et al. 2024; Didolkar et al.
2025; Elsayed et al. 2022; Jabri et al. 2024; Kipf et al. 2021; Kori et al.
2024a,b; Majellaro et al. 2025; Manasyan et al. 2025; Rubinstein et al.
2025; Seitzer et al. 2022; Wu et al. 2022; Yang et al. 2025; Zhang et al.
2025b; Zhao et al. 2024]. These developments establish that semantic
components serve as more robust primitives for persistent visual
states than raw full-frame snapshots. However, a significant gap
remains: while prior research focuses on representation quality or
unsupervised discovery, these models are not designed to function as
transformer-compatible, long-term KV memory for high-resolution
diffusion. Conversely, state-of-the-art streaming video generators
lack explicit object-centric primitives, relying instead on unclustered
temporal histories [Cai et al. 2025; Ji et al. 2025; Yang et al. 2026a,b;
Yu et al. 2025]. Our method bridges this divide by utilizing semantic
slots as explicit routing addresses to index and store original KV
tokens, thereby integrating structured scene decomposition directly
into the attention stack of modern diffusion transformers.

3  Method

We frame long-form, multi-prompt video synthesis as a bounded-
memory streaming generation problem and propose SlotMemory,
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Fig. 2. Pipeline of SlotMemory in streaming long-video generation. For each chunk, the model retrieves slot-indexed long-term KV memory, denoises

the current chunk using both local and retrieved context, writes new slot-conditioned memory items from current transformer states, and updates the memory
bank under a fixed budget. At prompt switches, prompt-aware retrieval retains reusable entities while allowing the generation to adapt to new instructions.

an object-centric KV memory mechanism designed to enforce long-
range semantic consistency. A fundamental challenge in streaming
architectures is determining which historical information should
persist once it exits the local temporal window. Unlike conventional
methods that organize memory via raw frames, chunk segments, or
unclustered tokens, SlotMemory indexes transformer-compatible
KV tokens using discrete semantic slots. This abstraction decouples
entity persistence from temporal occurrence, allowing the model
to retrieve scene regions based on “what” they represent rather
than “when” they appeared. The remainder of this section is orga-
nized as follows: Section 3.1 defines the streaming problem setup;
Section 3.2 provides an architectural overview of the read-write-
update pipeline; Section 3.3 details the slot-conditioned memory
writing process; Section 3.4 describes memory retrieval, eviction,
and prompt-aware adaptation; and Section 3.5 outlines the training
objective and slot regularization.

3.1 Problem Setup and Streaming Framework

We formulate long-form, multi-prompt video synthesis as a bounded-
memory streaming generation problem. Given a sequence of M
text prompts P = {p1, p@, ..., p™} and their associated switch
points S = {s1,...,sm-1}, the objective is to synthesize a video
Vi.r in an autoregressive manner. The generation proceeds across
C discrete chunks of length T, where ¢ € {1,...,C} denotes the
current chunk index. To ensure temporal and semantic continuity,
the generator maintains three distinct states: a short-term local
KV cache C, for local context, a text-conditioning cache Ccte"t for
prompt-dependent features, and a long-term memory bank B, for
persistent history.

The primary challenge in this streaming framework is the man-
agement of the long-term bank B. under a fixed capacity constraint
Nbpudget- The system must selectively retain, retrieve, and evict his-
torical states to maximize global consistency and prompt adherence
while operating within bounded computational limits. This opti-
mization problem is formulated as follows:

max E [Consistency(Vl;T) + PromptAdherence(Vy.7, P)
Bt Be| < Npudget
-2 Cost(Bc)] .

1

We build upon a causal streaming diffusion backbone where each

chunk is denoised conditioned on the active prompt and the re-

trieved historical context. Our approach is modular and agnostic to

the specific backbone architecture; we replace the conventional un-

clustered temporal memory with a structured, object-centric mem-

ory bank. By representing history as reusable semantic slots rather

than raw temporal slices, the framework decouples entity persis-

tence from the local temporal window, facilitating stable synthesis
across extended horizons and complex prompt transitions.

3.2 SlotMemory Overview

Conventional streaming frameworks represent historical context
through unclustered temporal slices, such as raw frames or chunk-
level KV tokens. This organization entangles foreground entities,
background geometry, and transient motion within a single tem-
poral unit, which precludes the stable preservation of identities
across temporal gaps or prompt transitions. To resolve this bottle-
neck, SlotMemory redefines the fundamental memory primitive as a
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persistent semantic region rather than a temporal frame. By decom-
posing the transformer’s KV manifold into discrete, reusable slots,
the architecture facilitates entity-level addressing while maintain-
ing the high-fidelity token representations necessary for diffusion
synthesis.

The system operates via a recursive read-write-update cycle syn-
chronized with the autoregressive generation of video chunks. At
each step, the model retrieves semantically relevant items from the
memory bank to augment the local KV cache. The diffusion trans-
former then denoises the current chunk by attending to both local
and retrieved contexts. Following generation, new slot-conditioned
items are written to the bank, and a relevance-driven eviction policy
manages capacity under a fixed budget. This object-centric abstrac-
tion is particularly robust during interactive prompt switches; while
local motion context is refreshed, the underlying semantic slots
allow core visual entities to persist independently of the temporal
window. The end-to-end integration of these modules within the
streaming pipeline is illustrated in Figure 2.

3.3 Slot-Conditioned KV Memory Writing

To transform unclustered transformer manifolds into structured
semantic units, we introduce a slot-conditioned writing mechanism
that partitions visual tokens into discrete entity regions. For a spe-
cific layer [ and chunk ¢, let K, V* € RP*EXHXD represent the key
and value tensors, respectively. We derive semantic assignments
by first projecting the corresponding token features X; into a com-
pact latent space via ch = ¢1(X}), followed by the application of
temporally-initialized Slot Attention:

(Uf, AS) = SlotAttn(Xf; U™, )

Here, Uf € RBXS5%ds denotes the set of S semantic slots, while Af e
RBXSXL provides the soft assignment weights between slots and
tokens. The temporal initialization using the previous slot state U’ -t
enforces identity persistence across sequential chunks, ensuring
that the same slot represents the same semantic entity over time.

A critical distinction of our approach is that the low-dimensional
slot embeddings are utilized solely as semantic routing addresses
rather than the primary storage medium. To preserve the high-
frequency details necessary for high-fidelity diffusion, we utilize
these slots to index and store original transformer tokens. Specifi-
cally, for each slot s, we identify the R tokens with the highest assign-
ment weights, IZS = TopR(AlC’s’:), and extract their corresponding
KV states defined as:

KP* =K{[If, ], VS = VeI 3)

We define the resulting memory item as mis = (KIC S, \71”, uis, 1c)s
where uj _ serves as the retrieval key and 7. encapsulates temporal
metadata. This hybrid architecture enables the diffusion transformer
to attend to structured, object-centric history without sacrificing

the numerical fidelity of the original feature space.

3.4 Memory Retrieval, Eviction, and Prompt Switching

Let B, = {m; }fi”l denote the long-term memory bank. Before denois-
ing chunk c, the model retrieves a subset of memory items whose
semantic content aligns with the current prompt and visual state.

For each item m;, we compute a fused relevance score:
r(mi) =y - reext(mi, pe) + (1 =) - rvis(mi, qc), 4

where p, is the active prompt, g, represents the current visual query
or denoising state, riext measures text-memory alignment via co-
sine similarity in the joint embedding space, rv;s measures visual
compatibility, and y regulates their relative contribution. The top-k
ranked items are then integrated into the attention mechanism:

Attn (Q;‘, [KllocaI; Klslot] , [Vllocal; Vlslot] ) ) (5)

Following the generation of the current chunk, new slot-conditioned
items are written to the bank, 8] = 8.1 U {m] }. To maintain the
fixed capacity Nyudget, the relevance function r(m;) is utilized to rank
all existing items, and the lowest-scoring entries are evicted. This
dual-relevance policy is critical during prompt transitions. When
the sequence reaches a switch point sy, the text-conditioning cache
C!** is refreshed to reflect the new instruction. While ephemeral
motion context in the local cache may be updated, the persistent
semantic bank uses the updated prompt p.,; to recalibrate retrieval
scores. This mechanism ensures that core entities—such as a specific
character or environment—are selectively retained across narrative
shifts while obsolete semantic context is suppressed, thereby facili-
tating long-term narrative coherence.

3.5 Training Objective and Slot Regularization

To align the memory module with its inference-time behavior, we
train SlotMemory using a streaming rollout trajectory. In each
training iteration, the model sequentially synthesizes video chunks,
writes slot-conditioned features to the memory bank, and retrieves
these states to condition subsequent generation steps. Training se-
quences incorporate prompt switches to force the module to learn
both the preservation of persistent entities and the suppression of
obsolete context. The global optimization objective is defined as
follows:

Lgen = LDMD + ASIOtLSIOtS (6)

where Lpmp represents the distribution matching distillation loss
for adapting the diffusion backbone, and Aq,; serves as the balancing
coeflicient for slot regularization. The auxiliary slot loss Lt is
partitioned into two components: L., enforces temporal identity
consistency and L. facilitates token-level grounding during the
second training stage, formulated as

Lot = Leon + I[stageZ o Lrec. (7)

To maintain the semantic identity of slots across sequential chunks,
we employ a contrastive objective. Let U¢™! and U¢ € RB*S*4s de-
note the £,-normalized slot embeddings from consecutive chunks.
With N = BS, the contrastive loss is defined as:

N : -1 ,,¢
1 exp(sim(uf ™', uf) /1)
Leon=—-= Z lo N , 1 < > (®)
i=1 j=1 exp(s1m(ui ,uj)/r)

where sim(-, -) denotes cosine similarity and 7 is the temperature
parameter. This objective encourages the model to map identical
entities to the same slot index over time, effectively stabilizing the
memory routing mechanism across long horizons and preventing
identity drift.



Table 1. Quantitative comparison of interactive long video genera-
tion. Overall Quality scores represent the full 60s sequence, and segmented
CLIP scores evaluate prompt compliance at 10s intervals (T higher is better).
Our method outperforms existing streaming autoregressive models across
all temporal boundaries, demonstrating superior long-horizon consistency
and reduced semantic degradation. Best results are shown in bold.

CLIP Score T
0-10s 10-20s 20-30s 30-40s 40-50s 50-60s

Method Quality
Score T

Infinity-RoPE [Yesiltepe et al. 2025]  79.98 23.87 22.62 22.16 21.82 22.20 22.20

LongLive [Yang et al. 2026a] 79.09 2649  25.60 24.89 24.48 24.81 24.54
MemFlow [Ji et al. 2025] 78.57 26.29 24.09 23.15 23.93 23.68 23.39
SlotMemory 81.61 26.81 26.11 25.18 25.33 24.91 25.25

To ensure that slots accurately represent the underlying visual
manifold, we introduce a reconstruction regularization L. We
utilize a hard top-1 slot assignment combined with straight-through
estimation to reconstruct adapted token features X, from their
assigned slot embeddings. Defining a confidence mask

Opy = I[(msaxAi)S’t > 0.5), 9)

the reconstruction loss is:

Zb,z 0p,+ (1 = cos(Xp,z, 5g(Xp,)))
Zb,t Upr + € ’

where %}, is the reconstructed feature and sg(-) denotes the stop-

gradient operator. This stage-II loss prevents semantic drift by

grounding abstract slot addresses in the high-fidelity transformer

feature space, ensuring that the stored KV tokens remain represen-
tative of the original scene geometry.

-Lrec =

(10)

4 Experiments
4.1 Experiment Setups

Implementation Details. We instantiate SlotMemory using the
pretrained Wan2.1-T2V-1.3B backbone [Wan et al. 2025], which
generates 5-second clips at 16 FPS and a resolution of 832 x 480.
Following the optimization strategy of LongLive [Yang et al. 2026a]
and MemFlow [Ji et al. 2025], the training process is divided into
two phases. First, the base model is adapted into a few-step causal-
attention generator via a Self-Forcing Distribution Matching Distil-
lation pipeline [Huang et al. 2026] on the VidProM dataset [Wang
and Yang 2024], utilizing short-window attention and first-frame
sink tokens to stabilize autoregressive rollouts. Second, we freeze
the backbone weights and initialize the slot adapter and memory
modules for streaming long-tuning. This phase utilizes 60-second
multi-prompt sequences where each iteration continues the model’s
own rollout. Prompt switches are sampled uniformly between 5 and
55 seconds to train the module to perform both entity preservation
and context suppression. The memory bank and sparse activation
modules are optimized for 3,000 steps using AdamW (learning rates
of 1.0 x 107 for the actor and 2.0 X 107° for the critic). Training is
completed in approximately 12 hours on 8 NVIDIA H200 GPUs.

Benchmarks and Datasets. To evaluate temporal robustness across
varying horizons, we establish benchmarks for three distinct scenar-
ios: short-video generation (5s), long single-prompt generation (30s),
and interactive multi-prompt narratives (60s). For the 5-second and
30-second single-prompt evaluations, we adopt the standard proto-
cols defined by Self-Forcing [Huang et al. 2026] and LongLive [Yang
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Table 2. Quantitative comparisons under single-prompt 5-second
setting. This table presents standard VBench metrics to confirm the preser-
vation of base model capabilities (T higher is better). Our approach maintains
strong visual quality and significantly outperforms recent streaming base-
lines in both dynamic motion recovery and semantic accuracy, demonstrat-
ing that our long-video memory mechanisms do not degrade short-context
generation. The best value in each metric column is shown in bold.

Evaluati
Model #Params Resolution Dynamic T valuation scores 1

Total Quality Semantic

Diffusion models

LTX-Video [HaCohen et al. 2024] 1.9B 768X512 75.00 82.33  85.20 70.83
Wan2.1 [Wan et al. 2025] 1.3B 832480 73.61 84.27 85.24 80.43
Autoregressive models

SkyReels-V2 [Chen et al. 2025] 1.3B 960X540 48.61 81.72 8293 76.90
CausVid [Yin et al. 2025] 1.3B 832Xx480 63.89 82.96  83.94 79.02
Pyramid Flow [Jin et al. 2025] 2B 640Xx384 68.06 81.56  83.89 72.24
Self-Forcing [Huang et al. 2026] 1.3B 832x480 63.89 83.83  84.60 80.79
Infinity-RoPE [Yesiltepe et al. 2025] 1.3B 832Xx480 58.33 83.55 84.34 80.43
DeepForcing [Yi et al. 2025] 1.3B 832x480 63.89 83.85 84.61 80.84
MemFlow [Ji et al. 2025] 1.3B 832Xx480 50.00 81.76  83.74 73.86
LongLive [Yang et al. 2026a] 1.3B 832x480 37.50 82.81 83.26 81.01
SlotMemory 1.3B 832Xx480 61.11 83.76  84.40 81.24

et al. 2026a)]. The 60-second interactive benchmark follows the
methodology introduced in MemFlow [Ji et al. 2025], consisting of
100 narrative scripts. Each script contains six consecutive 10-second
prompts, requiring the model to maintain semantic consistency
across five discrete transition points.

Evaluation Metrics. We perform a multidimensional quantitative
assessment using the VBench [Huang et al. 2024] and VBench-
Long [Huang et al. 2025] frameworks. Short-video performance is
measured via Total, Quality, Semantic, and Dynamic scores. For the
30-second horizon, we extend this to include Imaging Quality and
Temporal Style to capture long-range perceptual stability. In the
60-second interactive setting, we report the aggregate Quality score
to reflect overall visual fidelity. To specifically analyze the impact of
prompt transitions, we compute segment-wise CLIP scores [Wang
et al. 2022] for each 10-second interval, providing a granular view of
how well semantic identities are preserved as the narrative evolves.

4.2 Main Experiments

Interactive Multi-Prompt Generation. To test the efficacy of
prompt-aware retrieval, we evaluate 60-second interactive narra-
tives comprising six distinct prompts. As shown in Table 1, Slot-
Memory achieves a state-of-the-art Quality Score of 81.61. Granular
analysis via segment-wise CLIP scores reveals that the performance
gap between our method and existing baselines widens as the se-
quence progresses; the relative gain is most substantial in the 30-60s
interval. This trend demonstrates that SlotMemory successfully sup-
presses irrelevant historical context during prompt transitions while
selectively retaining core semantic entities. Qualitative results in
Figure 8 further confirm these findings, showing that SlotMem-
ory preserves stable astronaut-rover spatial relationships and clear
action trajectories—such as returning to base—where baselines ex-
hibit significant narrative degradation.

Long-Video Generation. The advantages of structured semantic
representation become pronounced at the 30-second horizon. In this
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Table 3. Quantitative comparisons under a 30-second single-prompt
setting. We evaluate extended-horizon generation capabilities against re-
cent autoregressive streaming models (T higher is better). While exist-
ing baselines experience severe feature drift and memory instability over
time—resulting in degraded motion dynamics—our method maintains ro-
bust temporal coherence. This yields a state-of-the-art Dynamic Score and
superior overall Imaging Quality without sacrificing semantic alignment.
The best value in each metric column is shown in bold.

Model Total ~ Quality Semantic Dynamic Imaging Temporal
Score T Score T Score T Score T Quality T Style T
Self-Forcing [Huang et al. 2026] 82.21 83.38 77.54 51.85 68.17 2331
Infinity-RoPE [Yesiltepe et al. 2025] 83.16 84.17 79.13 57.04 67.94 23.79
DeepForcing [Yi et al. 2025] 82.26 83.20 78.50 52.86 67.65 2351
MemPFlow [Ji et al. 2025] 82.95 83.86 79.31 60.46 67.68 23.89
LongLive [Yang et al. 2026a] 82.77 83.31 80.64 40.19 68.96 23.97
SlotMemory 84.28 85.23 80.49 74.29 72.26 24.34

setting, SlotMemory surpasses or matches all autoregressive base-
lines, establishing state-of-the-art results across nearly all VBench-
Long dimensions (Table 3). We achieve a Dynamic Score of 74.29-a
significant improvement over the 60.46 achieved by MemFlow and
the 40.19 of LongLive. The simultaneous gains in Imaging Quality
(72.26) and Temporal Style (24.34) indicate that slot-conditioned
storage effectively mitigates the cumulative feature drift typical of
unclustered temporal memory. By isolating entities within discrete
slots, the model maintains consistent motion dynamics and ap-
pearance across extended rollouts, where traditional frame-centric
methods often suffer from visual collapse or identity switching.
Short-Video Generation. We first evaluate SlotMemory on the
5-second single-prompt benchmark to ensure that the integration
of the object-centric memory module does not degrade the gen-
erative priors of the Wan2.1-T2V-1.3B backbone. As reported in
Table 2, SlotMemory achieves a Total Score of 83.76 and a Quality
Score of 84.40, performing competitively with the original Wan2.1
and LTX-Video. Compared to streaming-memory baselines such
as LongLive and MemFlow, our method yields superior Semantic
Scores (81.24), suggesting that the slot-based abstraction enhances
text-entity association even within short temporal windows. These
results validate that structured memory provides a robust semantic
foundation without compromising short-range visual fidelity.
Summary of Scaling Performance. Across the 5s, 30s, and 60s
evaluations, a consistent performance trajectory emerges: the mar-
ginal utility of slot-conditioned memory scales with the duration
and complexity of the synthesis task. While maintaining parity with
high-fidelity diffusion models in short clips, SlotMemory provides
increasingly dominant advantages in long-range consistency and
interactive adherence.

4.3 Ablation Studies

We conduct a series of ablation experiments under the 60-second
interactive narrative setting to isolate the contribution of each ar-
chitectural component and assess hyperparameter sensitivity.

Component Analysis. The progressive integration of our pro-
posed modules, detailed in Table 4, reveals that structured memory
requires explicit regularization to outperform unclustered baselines.
The introduction of the Slot Module without temporal constraints
leads to a decline in the Dynamic Score, suggesting that naive fea-
ture compression disrupts motion continuity. However, the addition

Table 4. Progressive component integration on interactive long-video
generation. Each row adds one component or objective on top of the
previous row. Higher is better for all metrics.

Progressive Setting CLIP T Quality T Dynamic T

Baseline (w/o Slot Compression) 24.09 78.57 36.16
+ Slot Module (w/o Slot Regularization) 24.62 78.61 30.61
+ Contrastive Loss (Stage-I Only) 26.06 81.29 79.68
+ Reconstruction Loss (Stage-I + Stage-II) ~ 25.60 81.61 75.73

Table 5. Hyperparameter sensitivity. We evaluate the impact of regular-
ization weight (left) and memory bank capacity (right) on 60s interactive
generation. The default configuration (Aot = 0.2, size=6) provides the opti-
mal balance between semantic adherence and visual quality.

Slot Regularization weight Memory Bank Size

Value Avg. CLIP T Quality T Size Avg. CLIPT Quality T
0.0 24.62 78.61 3 25.94 81.42
0.2 (default) 25.60 81.61 6 (default) 25.60 81.61
0.4 25.21 79.68 12 26.04 81.35

of the Stage-I Contrastive Loss provides the most significant perfor-
mance gain, with the Dynamic Score increasing to 79.68 and CLIP
alignment reaching 26.06. This underscores that temporal consis-
tency within the slot manifold is the primary driver of long-term
stability. The final inclusion of the Stage-II Reconstruction Loss
further refines Quality to 81.61, albeit with a marginal trade-off in
motion intensity. This two-stage objective ensures that semantic
slots remain grounded in high-fidelity transformer tokens rather
than drifting into abstract latent space.

This trend is also visible qualitatively in Figure 5, which follows
the same progressive settings as Table 4. Without slot compres-
sion, the sequence exhibits the largest instability, including dupli-
cated cake/candle-like objects and weaker role consistency when
the mother enters. Adding the slot module improves object-count
and layout stability of the boy-cake-candle-mother structure, but
action completion is still weak. Adding contrastive loss improves
interaction semantics (e.g., the mother joining and accompanying
the boy) and narrative readability across the mid/late timestamps.
Adding reconstruction loss gives the most coherent local details
(facial rendering, candlelight appearance, and affective continuity),
consistent with its best Quality score in Table 4.
Hyperparameter Sensitivity and Capacity. The efficacy of Slot-
Memory is sensitive to the regularization weight Agor and the mem-
ory bank capacity. As shown in Table 5, a weight of 0.2 provides
the optimal balance between enforcing object-centric structure and
preserving the generative priors of the diffusion backbone; exceed-
ing this threshold (0.4) degrades visual quality. Regarding memory
capacity, Figure 4 demonstrates that while increasing the bank size
from 3 to 12 slots improves late-segment prompt adherence, the
gains in CLIP Score plateau after 6 slots. Furthermore, overall Qual-
ity peaks at a capacity of 6, suggesting that excessively large memory
banks may introduce historical noise that interferes with the current
denoising state. Consequently, we identify a bank size of 6 as the
optimal bottleneck for persistent streaming synthesis.
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Fig. 3. Qualitative comparison on an interactive Mars mission script. Each row is one method and each column is a key moment in the six-stage
narrative (surface exploration, rover approach, collaborative scan/drill, sample handling, and return toward base). Our method (bottom row) maintains more
stable subject identity, astronaut-rover spatial relations, and action readability across the full sequence.
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Fig. 4. Segment-wise CLIP comparison across memory designs and
bank sizes. We compare Frame Sink, NAM, and SlotMemory with different
bank sizes (b € {3,6,9,12}). SlotMemory consistently outperforms Frame
Sink and NAM across all 10-second segments, and larger banks improve
mid/late-segment CLIP with diminishing returns beyond moderate capacity.

Comparative Memory Architectures. We evaluate SlotMemory
against alternative historical representations, including Frame Sink
and Normalized Attention Memory (NAM). As illustrated in the
segment-wise analysis in Figure 4, our object-centric approach con-
sistently maintains higher CLIP Scores across all 10-second intervals.
Unlike frame-centric methods that suffer from rapid semantic decay
as the narrative progresses, SlotMemory effectively preserves entity-
level information through multiple prompt transitions, confirming
that decomposing the KV manifold into discrete semantic addresses
is superior to raw temporal caching.

4.4 Limitations and Future Work

Failure Cases and Limitations. Despite the advancements in
long-term narrative coherence, certain architectural bottlenecks

persist within the SlotMemory framework. As shown in Figure 6,
in scenarios characterized by high entity density or visual similar-
ity, the model occasionally experiences attribute leakage, where
fine-grained properties—such as texture or color-migrate between
adjacent semantic slots. Furthermore, the transition logic inherited
from the baseline KV-recache mechanism can induce transient scene
regression artifacts; in these instances, the synthesis may momentar-
ily revert to a prior environmental state before successfully adapting
to the new prompt instructions. These failure modes suggest that
while slot-based abstraction provides a robust foundation for entity
persistence, maintaining strict semantic boundaries under complex
spatial conditions remains a non-trivial challenge.

Future Work. Future research will focus on three primary avenues
to enhance the robustness and scalability of object-centric streaming
synthesis. First, to mitigate attribute leakage in dense or cluttered en-
vironments, we intend to investigate more rigorous disentanglement
objectives and hierarchical slot architectures that enforce stricter
semantic boundaries between proximate visual entities. Second, to
address scene regression observed during prompt transitions, we
aim to replace heuristic KV-recaching with learned, manifold-aware
transition operators capable of fluidly bridging disparate semantic
states while maintaining global narrative continuity. Finally, we
envision extending the framework toward dynamic slot allocation
mechanisms, enabling the model to adaptively scale its representa-
tional capacity in response to the varying semantic complexity of
the synthesized scene.

5 Conclusion

We present SlotMemory, a novel object-centric KV memory mecha-
nism that addresses the fundamental limitations of temporal-centric
organization in long-form video synthesis. By shifting the mem-
ory abstraction from temporal occurrence to semantic identity, our
framework enables the persistent representation of visual entities
across extended 60-second horizons and complex, multi-prompt
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transitions. Both quantitative and qualitative results demonstrate
that SlotMemory achieves state-of-the-art performance in both long-
range consistency and prompt adherence, establishing structured
semantic decomposition-rather than raw temporal capacity—as the
critical primitive for high-fidelity streaming diffusion.
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Fig. 5. Qualitative ablation comparison on a multi-stage “birthday candle” narrative. Columns show keyframes at 12s, 24s, 36s, 48s, and 53s from the
same prompt (dim kitchen, boy, cake/candle, and mother joining later). Rows correspond to progressive settings: w/o Slot Compression, + Slot Module, +
Contrastive Loss, and + Reconstruction Loss. As components are added, object-count stability, character interaction clarity, and emotional continuity improve.

Fig. 7. Qualitative comparison on an interactive script.
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Fig. 8. More qualitative results on an interactive script.
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A Additional Implementation Details
A.1  Training Recipe

Our implementation follows a streaming DMD setup with chunk-
wise autoregressive rollout. We use distribution_loss=dmd_swit
ch, num_frame_per_block=3, streaming_chunk_size=21, stre
aming_max_length=240, context_noise=0, and denoising steps
{1000, 750, 500, 250} (with warped scheduler indexing enabled).

For the final SlotMemory training schedule, we use two consecu-
tive stages with fixed total update budget:

o Stage-I (2000 steps). Set freeze_slot_grouper=True to
freeze the slot grouper/initializer/dynamics predictor and
optimize adapters plus diffusion-side parameters under the
DMD objective with slot regularization.

e Stage-II (1000 steps). Resume immediately from the Stage-
I checkpoint, set freeze_slot_grouper=False, and con-

tinue end-to-end slot optimization with reconstruction-enabled

slot regularization.

Thus, the full training uses 3000 steps in total (Stage-I: 2000,
Stage-II: 1000), matching the protocol used by our reported main
results and ablations. Optimizer settings follow the repository de-
faults for long training: AdamW, generator learning rate 1 x 107>,
critic learning rate 2 X 107°, p1 = 0.0, fz = 0.999, batch size
= 1, gradient accumulation = 1, EMA weight = 0.99, and EMA
warmup starting at step 200. For switch-aware streaming super-
vision, the prompt switch position is sampled from a fixed can-
didate set (switch_mode=random_choice) with frame indices
{21,39,57, ..., 201}, ensuring coverage of early/mid/late switching
regimes during training.

A.2  Memory-Module Hyperparameters

Table 6 summarizes the default long-video memory settings used in
our experiments.

Table 6. Default memory and slot hyperparameters in SlotMemory.

Item Value
Local attention window (local_attn_size) 12 frames
Sink size (sink_size) 3
Memory bank size (bank_size) 6 blocks
Bank update interval (record_interval) 3 blocks
SMA flag (SMA) False (default)
Slot dimension (slot_dim) 64

Slots per chunk (num_slots_per_chunk) 7

Tokens per slot (tokens_per_slot) 64

Slot regularization weight (Agot) 0.2
Text/visual retrieval mixing (historical slot 0.7/0.3

scoring)

In code, slot losses are accumulated in MemoryCompressor and
injected into the generator objective as

L= -EDMD + Aslot[slot,

where Lot includes contrastive terms in both stages and recon-
struction terms in Stage-IL

A.3 Inference Protocol Details

We evaluate both single-prompt and interactive multi-prompt gen-
eration with the same memory backbone:

o Single-prompt inference: num_output_frames=120,
chunked autoregressive generation with block size 6, and
persistent KV cache plus bank.

e Interactive inference: num_output_frames=240 with
switch points at frames {40, 80, 120, 160, 200}, corresponding
to six equal temporal segments.

At each prompt switch, we reset cross-attention cache and recache
recent context frames under the new prompt; this preserves short-
term temporal continuity while aligning conditional context to the
new instruction. Memory-bank reads/writes remain bounded by the
same fixed budget used in training.
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