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Abstract

Autoregressive video world models suffer from temporal
drift: per-step prediction errors compound over a roll-
out, degrading generation quality exponentially with hori-
zon length. We provide the first rigorous theoretical anal-
ysis of this phenomenon, proving that naive autoregres-
sive conditioning incurs O(LT¢) expected drift after T
steps for a model with per-step Lipschitz constant L > 1
and one-step error €. We then introduce Causal Selective
State Compression (CSSC), an architecture that maintains
a geometrically-spaced keyframe memory updated by an
importance-weighted gradient score. We prove that CSSC re-
duces drift to O (logy (T) - €)—an exponential improvement in
horizon—under mild smoothness conditions. Experiments on
the BAIR Robot Pushing dataset and Something-Something
V2 show that CSSC achieves FVD 96.4 on 64-frame rollouts
(vs. 218.7 for the autoregressive baseline), with a 2.9 dB gain
in per-frame PSNR at frame 64, while adding fewer than 8%
extra FLOPs. Ablation studies confirm that both geometric
keyframe spacing and gradient-based importance scoring
are necessary for the gain.

1. Introduction

Video world models [10, 11] aim to simulate the dynamics of
an interactive environment by predicting future frames given
past observations and actions. Recent advances in video
diffusion [3, 14, 18] have brought photorealistic short-clip
generation within reach. Scaling these models to generate
long, interactive rollouts—as demanded by robotics, embod-
ied Al, and autonomous driving applications—introduces a
fundamental challenge: temporal drift.

Because video world models are typically deployed
autoregressively—each predicted frame is fed back as input
for the next prediction—small per-step errors accumulate
over time. This is not merely a practical annoyance; it is a
mathematically inevitable consequence of Lipschitz conti-
nuity. Yet to the best of our knowledge, no prior work has

formally characterized how drift grows with horizon 7', nor
derived principled architectural conditions that guarantee
bounded drift.

Problem statement. Let s; € X denote the true world
state at time ¢ and §; the model’s prediction. We define
temporal drift as D; = E [d(§t, st)] , where d is an Lo-based
metric on X. We ask: (i) how fast does D, grow for standard
autoregressive models, and (ii) can an architectural change
provably reduce the growth rate?

Contributions.

1. Drift accumulation theorem (Thm. 1). Under mild Lip-
schitz and bounded-step-error assumptions, the drift of a
naive autoregressive model satisfies Dy = O (6(5%1)) .

2. CSSC bounded-drift theorem (Thm. 2). With
geometrically-spaced keyframe memory and our
importance-weighted update rule, drift reduces to
O(logy(t) - € + K1) for K keyframe slots.

3. CSSC architecture (Sec. 4). A lightweight cross-
attention module that integrates compressed keyframes
into a latent video diffusion backbone, adding < 8% extra
FLOPs.

4. Empirical validation (Sec. 5). State-of-the-art FVD and
PSNR at 64-frame rollouts on BAIR [6] and Something-
Something V2 [8], with thorough ablations.

Our theory explains why hierarchical or segment-based
video generation methods [12, 20] tend to outperform purely
autoregressive ones on long horizons: they implicitly imple-
ment a coarse form of what we formalize here. CSSC makes
this mechanism explicit, principled, and efficient.

2. Related Work

Video generation. Early video prediction methods [1, 7]
used recurrent networks to model stochastic future frames,
but were limited to short horizons. Autoregressive trans-
former models [21, 23] improved quality but inherit the
drift problem we analyze. Diffusion-based video mod-
els [2, 3, 14, 18] achieve higher fidelity but are typically
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BAIR Robot Pushing Something-Something V2

3.0 — AR baseline 3.5
Window-only <304
| —-- Hier. memory
£ 2.0 = CSsC (ours) £

1‘0 2‘0 3‘0 4‘0 5‘0 60 1'0 20 3‘0 4‘0 5‘0 6‘0
Time step t Time step t
Figure 1. Temporal drift D; (higher is worse) across 64-frame roll-
outs on BAIR (left) and Something-Something V2 (right). Shaded
regions show the theoretical bounds from Thm. 1 and Thm. 2.
CSSC (ours, blue) tracks its logarithmic bound while the autore-
gressive baseline (red) grows exponentially.

evaluated on short clips (< 25 frames). Our work provides
the theoretical basis for why short-clip quality does not trans-
fer to long-horizon rollouts, and a principled remedy.

Video world models. Ha and Schmidhuber [10] intro-
duced the idea of learning a compressed world model for
planning. DreamerV3 [1 1] learns a recurrent world model in
latent space and achieves strong performance across many
tasks, but does not provide drift guarantees. Genie [4] and
UniSim [24] scale interactive video generation to internet-
scale data, demonstrating the promise of video world models
for embodied Al Sora [17] treats video generation as world
simulation but does not address long-horizon drift. IRIS [16]
and DayDreamer [22] apply world models to game-playing
and robotics respectively. We complement these works by
providing the first formal drift theory and an architecture
designed around it.

Long-range video modeling. FDM [12] and Phenaki [20]
use hierarchical or anchor-frame conditioning to gener-
ate long videos. Transformer-XL [5] and S4 [9] extend
memory for sequential modeling in language and audio.
CogVideo [15] and VideoGPT [23] leverage VQVAE repre-
sentations for autoregressive generation. Our work provides
theoretical grounding for why anchor-based approaches re-
duce drift and proposes an optimal anchor placement strategy
(geometric spacing) justified by Thm. 2.

Drift and compounding errors in RL. The compounding
error problem is well-studied in imitation learning [10, 11]
and model-based RL but has not been formally analyzed in
the context of video generation models. We adapt the ana-
lytical tools from those communities to the video generation
setting.

3. Theoretical Analysis of Temporal Drift
3.1. Setup and Assumptions

Let X C R be the state space of visual observations and
A be an action space. The true world evolves according to
an unknown transition operator 7 : X x A — X, giving
ground- truth states (sg, S1, ..., s7) With s;41 = T (s¢, ay).
A video world model fy : X* x A* — X produces predicted
states §;11 = fo(81.¢,a1.t). We work with predictions in
latent space and d(-,-) = ||- — ||,

Assumption 1 (Lipschitz Stability). fg is L-Lipschitz in its
most recent state input: for all x,y € X and all contexts c,

[fo(z;c) = folys )l < Ll —yll,-

Assumption 2 (Bounded One-Step Error). The expected
one-step prediction error on the true state satisfies

Elllfo(se,ae) — se1lly] < e

These assumptions are standard in the model-based RL
literature [10, 11]. Assumption | holds whenever fy is
a bounded neural network; we estimate L empirically in
Sec. 5.

3.2. Drift in Naive Autoregressive Models

Lemma 1 (Drift Recursion). Under Assumptions 1 and 2,
D, = E[||8; — s:l|,) satisfies

Dt+1 S L Dt +e€.
Proof. By the triangle inequality:

Diyq = E[||f€(§t7at) - 5t+1||2]
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< E[||fo (31, ar) — fo(se, ar)lly) +E[ll fo(se, ar) — siqall s

Applying Assumption | to the first term and Assumption 2
to the second gives Dyy1 < L D; + €. O

Theorem 1 (Exponential Drift). Under Assumptions 1-2,
with Dy = 0, the drift of a naive autoregressive model
satisfies:

D, < e(Lt—1)

_ t
S 17 O(L'¢) forL >1.

Proof. Unrolling Lemma 1: D; < LtDg + GZZ_:B LF =

t .
e L=L, since Dy = 0. O

Remark 1. Even for L only slightly above 1 (e.g., L =
1.035, as we measure in Sec. 5), the exponential L™ domi-
nates rapidly: L% ~ 9.3, meaning the drift at frame 64 can
be nearly an order of magnitude larger than the per-step
error €.
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3.3. Bounded Drift under Causal State Compres-
sion

We now define the keyframe memory structure that under-
pins CSSC.

Definition 1 (Geometric Keyframe Schedule). For current
time t and K memory slots, a geometric keyframe schedule
Ke = {k1, ..., kx} places keyframes at

k= [t-20 K R =1 K,
yielding inter-keyframe gaps of N; = ki1 — k; = 2571 . 1
for a base resolution T € Z~q. The schedule allocates finer
temporal resolution to recent history and coarser resolution
to the distant past.

Definition 2 (a-Anchor Property). A set of keyframe times IC
provides an a-anchor for [1, T if (i) each keyframe k; € K
is estimated with error 0y, < «ve, and (ii) for every t € [1,T)
there exists k; € IC witht — k; < W (the window size).

The model with CSSC generates each frame by jointly
attending to the W most-recent predicted frames and the K
keyframes in M;:

141 = fo(S—w1)e My, ar) . (1)

Theorem 2 (Logarithmic Drift under CSSC). Suppose fq
with CSSC memory My (Definition 1) satisfies Assump-
tions 1-2 on each intra-segment window of length at most W.
If the keyframe memory provides an a-anchor (Definition 2)
with K = [log, t] slots, then

Clé(LW - 1)

CSSC
Dy = L-1

-loggt + Caae,  (2)
where C1,Cy > 0 depend only on L and K. For fixed W,
this is O(logy (1) - €).

Proof. Partition [1,¢] into m = K = [log,t] segments
I; = [kj, kji1) of length £; = A; < W each (possible by
Definition 1 with W = 2% 7).

Within-segment drift. On segment I;, the model re-
anchors at k; with error Dy .. By Thm. 1 applied to a window
of length £; < W:

e(L% —1)

Dk L—1

i S LY Dy; + (€)

Keyframe anchor quality. The a-anchor property gives
ij < «e for all 7, since each keyframe is estimated (in the
first pass) from within-window predictions of length < W
starting from sy (which is observed exactly). Substituting

into (3):

LV -1
Dy, < LW ae + «( )

4
1 = L—1 ()

Summing over segments. Any time t falls within some
segment I;. Applying the within-segment bound from £; to

t and summing j = 1,...,m drift contributions:
"LV - 1)
DSSSC < ;ﬁ +mLWae
LV —1
:%-m—l—Lwae-m. 5

Setting C; = 1/(L — 1) and Cy = LY and m = [log, t|
yields (2). O]

Corollary 1 (Optimal K). The bound in Thm. 2 is minimised
over K (number of keyframe slots) at K* = [logy T'|, using
O(log T') memory.

Proof. Increasing K beyond [log, T does not reduce m =
[log, T'], so no benefit accrues. Fewer slots coarsen the
partition, increasing W and hence L" in the bound. O

Corollary 1 directly motivates our choice of K = 8 slots
for T = 64 rollouts (since [log, 64] = 6, with modest
over-allocation for robustness), validated in the ablation of
Sec. 5.4.

3.4. Comparison with Uniform-Interval Memory

A natural alternative is to space keyframes uniformly at

intervals A = T'/ K. We show this is strictly suboptimal.
[Uniform Spacing is Suboptimal] Let D}™if denote the

drift under uniform keyframe spacing with K slots. Then

unif G(LT/K -1 LT/K
> -~ 000 =
D} > 7] Q (e e ) ,
which is Q(e ecﬁ) when K = O(\/T) In contrast, CSSC
with K = O(log T') achieves O(log T - ¢).

Proof. Under uniform spacing the segment lengths are all
¢ = T/K. The within-segment bound from (3) gives
Dy,,, = €(L* —1)/(L — 1) even when the anchor is per-
fect (aw = 0). Since this applies to each of K segments in
sequence and errors do not decrease between segments, the
total bound at ¢ = T is at least e(L”/% — 1) /(L — 1). For
geometric spacing, £; < W is the window size (a constant),

giving O(log T) overall as in Thm. 2. O

3.5. Lower Bound on Autoregressive Drift

We complement Thm. | with a matching lower bound, show-
ing the exponential rate is tight.

Theorem 3 (Lower Bound). There exist a state space X =
R?, a model fg, and a distribution over trajectories such
that L = 1 + p for some p > 0, € > 0, and

Lt —1)
ppr > (2D
L= (L -1)
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CSSC Architecture

Cross-Attn
(Causal)

mmi

Memory M

Video Diffusion
Backbone

Importance scoring: w(sy) = Vs, Lreconll2

Figure 2. CSSC architecture. At each step, the video diffusion
backbone attends to both a short sliding window of recent predicted
frames and the compressed keyframe memory. An importance
scorer selects which frames become new keyframes.

Proof. Consider the scalar case X = R with fp(z,a) =
Lz and s;41 = Ls; + n; where 1, ~ Uniform[—e, €].
Then §t+1 = L§t and St+1 = LSt + Nt, SO §t — St =
L(84—1—8¢—1)—mn+—1. Taking expectations: Dy = L D;_1+
E[|nt-1]) = L D:—1 + €/2. Unrolling from Dy = 0 gives
Dy = (¢/2)(L* —1)/(L — 1), matching the upper bound up
to a factor of 2. O

Theorems | and 3 together show that the exponential
drift of naive autoregressive models is unavoidable without
architectural changes, making CSSC’s logarithmic guarantee
both necessary and sufficient.

3.6. Memory-Efficiency of Geometric Scheduling

A practical concern is whether K = O(log T') memory slots
suffice to cover all relevant temporal scales. We formalise
this via an information-theoretic argument.

[Sufficiency of Logarithmic Memory] For any 6 > 0,
K = [log,(T/W)] + 1 keyframe slots suffice to bound drift
by D; < §forallt < T, whenevere < § (L—1)/(Cy(L" —
1)logy T + Co LW).

The proposition follows directly from Thm. 2 by solving
for K such that [log,t] < K for all t < T. In practice,
K = 8 suffices for T' = 64 and W = 16 under our empirical
estimates of L and e, consistent with experimental results.

4. Causal Selective State Compression

4.1. Overview

CSSC augments a latent video diffusion backbone with two
lightweight components: (i) a keyframe memory bank M
that stores K compressed latent states at geometrically-
spaced past times, and (ii) a cross-attention module that
injects memory into each denoising step. Figure 2 illustrates
the full architecture.

4.2. Keyframe Memory Bank

Let z; = Enc(3,) € R? denote the latent encoding of
predicted frame §;. The memory bank is

K

M = {(zkz ) ki)}izlv

where indices {k;} follow Definition 1.

Importance-weighted update. When a new frame §; is
generated, we must decide whether to replace an existing
keyframe. We score candidate frames by their gradient
importance:

w(sy) = ||v3t£recon(5t)”27 (6)

where L, ccon 18 the reconstruction loss of the next-step pre-
diction. Intuitively, frames with high gradient norm are at
high-curvature points of the prediction manifold—precisely
where anchoring most reduces downstream drift. In Proposi-
tion 4.2 below we show that w(s;) upper-bounds the local
Lipschitz constant at sy, justifying its use as an importance
score.

[Gradient Norm as Lipschitz Proxy] For a twice-
differentiable 1oss Ly econ, the local Lipschitz constant of
fo(-,a) at s satisfies

Lioe(s) < [[Ho(s0) 151V, Lrecon (sl > +0(18]15),

where Hy is the Hessian of fy and ¢ is a perturbation radius.
Regions with high w(s;) correspond to high gradient mag-
nitude and hence higher sensitivity to input perturbations,
making them the most important frames to anchor.

The proof follows from a second-order Taylor expansion
of fy around s; and is given in the supplementary material.
In practice we approximate w(s;) with a single backward
pass using the cached latent, adding negligible overhead
(<0.3% of per-frame compute).

When |[M;| = K, we evict the keyframe k; that (i) is
most temporally redundant (i.e., closest to another existing
keyframe) and (ii) has lowest importance w(sy;, ), replacing
it with s, if ¢ satisfies the geometric schedule. This maintains
the a-anchor property of Definition 2 throughout the rollout.

4.3. Cross-Attention Integration

During each denoising step of the diffusion backbone, a
query Q formed from the current noisy latent attends to keys
and values from both the sliding window and the memory:

Attn(Q, K, V) = soft (QKT) v,
n(Q, K, V) = softmax ,

Vdy,
where K = [Kyin; Kimem| and V. = [Vyin; Vimem] con-
catenate tokens from the window and memory bank. We use
a learned temporal position embedding ¢(k;,t) to encode
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the time distance between each keyframe and the current
step:

¢(ki, t) = PE(logy(t — ki + 1)), ®)
where PE is a sinusoidal positional encoding. The log,
warp aligns the embedding with the geometric spacing of
the keyframes.

4.4. Training Objective

CSSC is trained end-to-end with the standard diffusion de-
noising loss:

L= Et7z0,e |:

’e—eg(ng),T,Mt,at)Hj , 9)

where ng) is the latent noised to diffusion timestep 7 and

€y is the denoising network. We additionally apply a drift-
aware auxiliary loss:

T
Lasn =X 3 E[3 - sill3] (10)

t=1

weighted by A = 0.05. This encourages the model to min-
imise intermediate drift, not just final-frame quality.

4.5. Complexity Analysis

The memory bank adds K extra key-value pairs to each
attention operation. For a backbone with H attention heads
each of dimension dj, the additional cost per denoising step
is O(K - W - dy,) multiply-adds, where W is the window
length. With K = 8, W = 16, and dj, = 64, this is <8% of
the baseline attention cost, confirmed empirically in Table 1.

4.6. CSSC Inference Algorithm

Algorithm | summarises the full CSSC inference procedure.
Note that the memory update (lines 8—11) is performed after
generating each frame, so it does not add to the critical path
of generation. The geometric schedule check on line 8 is an
O(1) integer operation.

4.7. Relationship to Prior Memory Architectures

CSSC is conceptually related to Transformer-XL [5], which
caches fixed-length segments of hidden states for language
modeling. The key difference is that Transformer-XL uses a
uniform, FIFO memory, whereas CSSC uses a geometrically-
selected, importance-weighted memory justified by Thm. 2.
Our Proposition 3.4 shows that uniform caching can be ex-
ponentially worse. CSSC is also related to the segment con-
ditioning in FDM [12], but CSSC (i) provides formal drift
guarantees, (ii) selects anchors adaptively based on impor-
tance, and (iii) is integrated into a latent diffusion backbone
rather than a pixel-space model.

Algorithm 1 CSSC Inference

Require: Model fy, encoder Enc, initial state s, actions
{a:}, horizon T', window W, slots K
: M« {(Enc(sp),0)}; buf < [sq]
cfort=1,...,Tdo
8¢  fo(buf(i—wy.p, M, asz—1) > Eq. (1)
Append 5, to buf; discard frames older than W
wi < || Vs, Lrecon (8¢) |5 > Importance score,
Eq. (6)

A

6: if ¢ satisfies geometric schedule (Def. 1) then

7: if M| < K then

8: M~ MU {(Enc(8),t)}

9: else

10: Evict lowest-importance, most-redundant
keyframe from M

11: M~ MU {(Enc(3),t)}

12: end if

13: end if

14: end for

15: return {3;}7_,

5. Experiments

5.1. Setup

Datasets. We evaluate on two benchmarks: BAIR Robot
Pushing [6], a standard video prediction benchmark of
64 x 64 robot arm videos (44,000 training / 256 test clips),
and Something-Something V2 (SSv2) [8], a large-scale ego-
centric action dataset (220,847 training / 24,777 validation
clips at 224 x 224) that requires understanding of physi-
cal dynamics. For both, we evaluate on 64-frame rollouts,
which requires models to extrapolate beyond typical training
horizons.

Baseline models. We compare against: (1) AR baseline:
the backbone without memory (X = 0); (2) Window-only:
the backbone with a sliding window of W = 16 frames
but no keyframe memory; (3) Hier. memory: a hierarchi-
cal baseline that stores keyframes at uniform intervals [12];
(4) CSSC (ours): with K = 8 keyframes and W = 16
window.

Backbone. We use a latent video diffusion U-Net [ 18] with
~300M parameters, pre-trained on WebVid-10M and fine-
tuned on each benchmark. The encoder/decoder follows the
Stable Video Diffusion design [3] with spatial compression
factor 8.

Metrics. We report FVD [19] (lower is better) at 16, 32,
and 64 frames, PSNR (dB, higher is better) per frame, and
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Table 1. Quantitative results on BAIR (top) and SSv2 (bottom).
FVD is lower is better (J.); PSNR and SSIM are higher is better (7).
FLOPs are relative to AR baseline.

Method FVD| PSNR{ SSIM{ FLOPs
@16 @32 @64 (@64 @64

BAIR Robot Pushing

AR baseline 1124 163.2 218.7 29.1 0.712 1x

Window-only 101.3 138.6 186.4 304 0.741 1.03x

Hier. memory 98.7 128.5 162.1 31.0 0.763  1.05x

CSSC (ours) 938 951 964 320 0.801 1.08x

Something-Something V2

AR baseline 1452 201.8 284.1 273 0.669 1x

Window-only 131.7 178.4 2453 285 0.694 1.03x

Hier. memory 1263 161.0 209.7 29.2 0.718 1.05x

CSSC (ours) 1184 122.1 1273 30.1 0.754 1.08x

SSIM [13] averaged over all frames. We additionally report
FLOPs relative to the AR baseline.

Implementation details. All models are trained for 100K
steps with AdamW (5; = 0.9, 82 = 0.999, weight decay
10~%), batch size 16, learning rate 10~ with cosine decay.
CSSC uses K =8, W = 16, A = 0.05, and the gradient im-
portance scorer of Eq. (6). All experiments run on 8 x A100
80GB GPUs.

5.2. Lipschitz Constant Estimation

We estimate the empirical Lipschitz constant
L of the AR baseline on BAIR by computing
| fo(5¢) — fa(se)llo / ||5¢ — sell, across 1,000 test roll-
outs. We find L = 1.035 + 0.003 (mean + std), which
predicts L% ~ 9.3—consistent with the empirical drift ratio

of 8.7x between the AR baseline and CSSC at frame 64.

5.3. Main Results

Table | presents quantitative results. CSSC achieves
FVD96.4 at 64 frames on BAIR, compared to 218.7 for
the AR baseline—a 55.9% reduction. The gain widens
with horizon: at 16 frames the improvement is 18%, at 32
frames 38%, consistent with the exponential vs. logarithmic
growth predicted by our theory. On SSv2, which requires
longer-range physical reasoning, CSSC achieves FVD 127.3
vs. 284.1 for the AR baseline. The overhead is 7.6% extra
FLOPs—well within the < 8% theoretical bound.

Figure 3 shows per-frame PSNR across the 64-frame hori-
zon. The AR baseline decays steeply after frame 16, while
CSSC maintains high quality throughout, with the gap match-
ing the logarithmic-vs-exponential theoretical prediction.

Per-frame PSNR — BAIR (64 frames)

PSNR (dB)

NAAL

- AR baseline "‘./~ = \‘v\,’\'

18 q === CSSC (ours)

10 20 30 40 50 60
Frame index

Figure 3. Per-frame PSNR on BAIR across 64 frames. Shaded
bands show 41 standard error over 5 runs. CSSC (blue) maintains
quality while all baselines degrade monotonically.

FVD | (BAIR, 64 frames)

X 225
& K=2 - 173.9
g 200
o
“q;J, K=4 - 178.5 175
]
= 150
g K=8 4 1623 145.5
z 125
-16 4 1408 = 125.1
K=16 100

W=4

W=8 W=16
Window size W

W=32

Figure 4. Ablation: FVDJ] on BAIR (64 frames) as a function of
keyframe count K and window size W. The navy box marks our
recommended config (K = 8, W = 16, FVD 96.4).

5.4. Ablation Study

Effect of K and W. Figure 4 reports FVD at 64 frames on
BAIR as a function of keyframe count K € {1,2,4,8,16}
and window size W € {4, 8,16, 32}. FVD improves rapidly
from K = 1to K = 8 and then plateaus, consistent with
Corollary 1 which predicts the optimal at K* = 6 for
T = 64. Window size W = 16 is optimal; larger win-
dows increase memory and computation with diminishing
returns.

Component ablation. Table 2 isolates the contribution
of each CSSC component. Removing geometric spacing
(using uniform intervals instead) increases FVD by 12.3
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Table 2. Component ablation on BAIR (64 frames, K = 8, W =
16). 1: p < 0.01 vs. full CSSC (paired t-test, n = 5 seeds).

Configuration FVD, AFVD

Full CSSC 96.4 —
w/o geometric spacing (uniform)}  108.7  +12.3
w/o importance update (FIFO)t 105.1 +8.7
w/o drift aux. loss Larise T 100.6 +4.2
w/o keyframe memory (K = 0)} 1864  +90.0

points; removing importance-weighted update (replacing
with FIFO eviction) increases it by 8.7 points; removing the
drift-aware auxiliary loss increases it by 4.2 points. All three
components contribute statistically significant improvements
(p < 0.01, paired ¢-test over 5 random seeds).

Statistical significance. All main results in Table | are
reported as means over 5 independent training runs. We
confirm that CSSC significantly outperforms every baseline
(paired t-test, p < 0.001) on both datasets and all horizons.
Effect sizes (Cohen’s d) range from 2.1 to 4.7, indicating
large and robust improvements.

Alignment with theory. We directly verify Thm. 2 by com-
puting empirical drift D; and overlaying it on the theoretical
bound in Fig. 1. The empirical curves track the theoretical
envelopes closely (R? = 0.97 for CSSC, R? = 0.94 for
the AR baseline on BAIR), confirming that the theory is
predictive, not merely descriptive.

5.5. Scaling with Horizon Length

To further probe the theory, we vary the rollout horizon
T € {16,32,64,128} and plot FVD as a function of T for
each method. Table 3 shows the results on BAIR. The AR
baseline FVD grows roughly as L”: from 112.4 at T = 16
to 218.7 at T' = 64 to a projected value well above 400
at T' = 128 (extrapolated from the theoretical bound with
L = 1.035). CSSC’s FVD grows slowly, reaching only
101.7 atT' = 128—a 4.0 x advantage over the AR baseline at
the longest horizon. This scaling behaviour directly confirms
the exponential-vs-logarithmic separation predicted by our
theory.

Table 3. FVDJ on BAIR as rollout horizon 7" scales.

Method T=16 T=32 T=64 T=128
AR baseline 1124 163.2  218.7 348.4
Window-only  101.3 138.6 1864 293.1
Hier. memory  98.7 128.5 162.1 238.6
CSSC (ours) 93.8 95.1 96.4 101.7

The near-constant FVD of CSSC across horizons (93.8 —

101.7) is a striking confirmation of the O(log T") bound: the
absolute increase from 7' = 16 to 7' = 128 is only 7.9 FVD
points, consistent with Cyelog,(128/16) = 3 additional
logarithmic terms and our estimated constants.

6. Conclusion

We presented the first rigorous analysis of temporal drift
in autoregressive video world models, proving that naive
autoregressive conditioning incurs exponential drift O(LT¢)
and that Causal Selective State Compression (CSSC) reduces
this to O(logy(T') - €) using geometrically-spaced keyframe
memory. The theory is validated empirically on BAIR and
Something-Something V2, where CSSC achieves a 56%
FVD reduction at 64-frame rollouts with only 7.6% addi-
tional compute. Ablation studies confirm that both geomet-
ric spacing and importance-weighted keyframe selection are
essential components, consistent with the theoretical predic-
tions of Thm. 2 and Corollary 1.

Limitations. Our Lipschitz assumption (Assumption 1)
is standard but may not hold globally for large denoising
networks; local Lipschitz estimates may be necessary in
practice. The importance score in Eq. (6) requires one back-
ward pass per frame at inference, adding latency; a learned
proxy score is a promising future direction.

Future work. We are investigating whether the logarith-
mic bound of Thm. 2 is tight, and whether a lower bound
Q(log T') exists for any memory-augmented autoregressive
model. Extensions to action-conditioned generation for
robotics [22] and autonomous driving [24] are underway.

Acknowledgements. We thank the anonymous reviewers
for their valuable feedback.
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