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Abstract
Long-horizon video world models forget: revis-
iting a previously seen scene yields a plausible-
looking but different world. The bottleneck is po-
sitional addressability, not content: once cached-
key positions exceed the training horizon, tempo-
ral RoPE goes out of distribution and the model
cannot read stored content regardless of how it
was compressed; on the evaluated architecture,
any compressed summary at out-of-distribution
positions is byte-identical to a sliding window. We
propose WORLDTRACE, a training-free frame-
work that anchors every summary slot to a fixed
in-distribution position by slot rank, paired with
two writers: WORLDTRACE-FIELD (canonical
key averaging) for coherence and WORLDTRACE-
LANDMARK (frozen canonical landmarks) for re-
call. On Matrix-Game-2, WORLDTRACE lifts
TempSSIM by +15.5% at 24× the training hori-
zon, raises position-aligned CLIP recall by up to
+31.6%, and sustains near-perfect scene recon-
struction at 256×. We also introduce LoopMem,
a scripted-navigation benchmark scoring returned-
scene fidelity across waypoints, edge lengths, ori-
entation closures, and revisit depths.

1. Introduction

Autoregressive video world models (Ha & Schmidhuber,
2018; Hafner et al., 2025; Brooks et al., 2024; Bruce et al.,
2024; He et al., 2025b; Decart et al., 2024) generate scenes
block-by-block, attending over a Key-Value (KV) cache of
prior context. Such models promise interactive applications
such as next-generation game engines and closed-loop robot
simulators, where users move freely through a visual world
and revisit prior locations. Revisits demand visual persis-
tence: when an agent returns, the model must reproduce the
original scene, not a plausible-looking alternative.
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In practice, visual persistence degrades sharply once gen-
eration exceeds the training context. The standard fix com-
presses the linearly growing KV cache into a fixed-size
memory of recent context plus older summary slots (Zhang
et al., 2023; Li et al., 2024; Cai et al., 2025; Yesiltepe et al.,
2026; Kim et al., 2026). We find that compression alone
cannot restore recall. As the rollout horizon extends past the
training window, temporal positional encodings (Su et al.,
2024) on cached keys go out of distribution (OOD), and at-
tention silently fails to retrieve what is stored: even a perfect
summary becomes effectively inaccessible. Long-horizon
failure is therefore an addressability problem first, and a
content problem second. We make this concrete on the eval-
uated architecture: under MG2’s local-attention mask (He
et al., 2025b), any compressed summary at OOD positions
yields outputs byte-identical to a sliding window over recent
KV entries, regardless of what was compressed.

We propose WORLDTRACE, a training-free framework that
keeps compressed memory addressable by assigning each
summary slot a fixed in-distribution position by slot rank,
stable as generation time grows. With addressability fixed,
retention is a clean choice. We organize the cache as a ver-
batim recent window plus summary slots, with two comple-
mentary writers: WORLDTRACE-FIELD aggregates older
context in canonical (rotation-invariant) key space for tem-
poral coherence, and WORLDTRACE-LANDMARK freezes
canonical keys at detected scene-entry events for episodic
recall. Both are drop-in to a frozen generator.

In controlled return-to-origin tasks, a sliding-window cache
rapidly loses structural fidelity on the return frame, while
WORLDTRACE recovers the original scene appearance
(Fig. 1). This extends the effective memory horizon from
seconds to minutes-long rollouts: WORLDTRACE-FIELD
improves TempSSIM by +15.5% at 24× the training hori-
zon and WORLDTRACE-LANDMARK sustains near-perfect
scene reconstruction at 256×, where the strongest com-
pression baseline degrades by over a third. To exercise
long-horizon recall under a fixed compute budget, we intro-
duce LoopMem, a scripted-navigation benchmark scoring
return-leg frames against initial-scene appearance across
four difficulty axes.
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Figure 1. Addressable memory restores long-horizon visual persistence. Left: Scripted topology A! B! C! D! A. Right: Represen-
tative frames on Matrix-Game-2 along the path. The last column is the return to the initial scene A. The sliding window (top) drifts and
mismatches the reference appearance on return (red border). WORLDTRACE with frozen landmark keys (ours, green border) matches
scene A, illustrating addressable long-horizon recall.

Contributions. (i) We identify positional addressability,
not summary content, as the binding constraint on long-
horizon recall in autoregressive video world models, and
show that on the evaluated architecture any compressed sum-
mary at OOD positions reduces byte-identically to a slid-
ing window over recent context. (ii) We propose WORLD-
TRACE, a training-free KV-cache framework that �xes ad-
dressability by slot-rank positions, then exposes a two-knob
design space for retention: WORLDTRACE-FIELD for co-
herence and WORLDTRACE-LANDMARK for episodic re-
call. (iii) We propose LoopMem, a scripted return-to-origin
benchmark for long-horizon visual persistence, and show
WORLDTRACE turns minutes-long generation from forget-
ting into recall:+15:5% TempSSIM at24� training hori-
zon, near-perfectPAC at 256� , with < 10% wall-clock
overhead and no �ne-tuning.

2. WORLDTRACE

WORLDTRACE pairs (i) a slot-rank position scheme that
keeps summary entries addressable at any horizon (Sec. 2.2)
with (ii) a canonical-key writer: WORLDTRACE-FIELD

(Sec. 2.3) for coherence, WORLDTRACE-LANDMARK

(Sec. 2.4) for recall (Fig. 2). We assume temporal RoPE on
keys and a �xed AR KV cache; single-shot diffusion and
content-agnostic encodings are out of scope (App. F).

2.1. Cache Structure

We split the cache into a recent windowR of Wr verbatim
AR blocks and a summary cacheS of Ns compressed slots,
with Ns + W r = L train (F latent frames per block). Total
storage matches a sliding window. TheNs=Wr split trades
coherence for recall (App. F).

2.2. Slot-Rank Virtual Positions

During training, attention is restricted to a local window
jq � tj � �t train , so cached tokens at offsets exceeding
�t train enter RoPE phase regimes the model never inverted
at training time. Block-relativistic RoPE (Yesiltepe et al.,
2026) caps offsets but collapses every summary slot be-

yond the cap to the same virtual position (Rem. 1); Mem-
RoPE (Kim et al., 2026) sidesteps this only for two slots.
To keepNs slots distinguishable and in-distribution at any
horizon, we assign positions by slot rank.

De�nition 1 (WORLDTRACE Slot Indexing). The virtual
position of slot s (oldest �rst) is

t (s)
v = q � (L train �1�s) F; s = 0; : : : ; N s �1: (1)

Slot offsets depend only on slot rank, not absolute horizon
N, so positions stay in-distribution as N grows.

Remark 1 (Block-Rel saturation). Block-Rel caps look-
back at(L train �1)F , so any slot whose centroid exceeds
the cap is clamped to the same position; under uniform aver-
aging all centroids drift past the cap asN grows, becoming
indistinguishable. Eq.(1) avoids this: per-slot offsets stay
distinct and N-independent.

With slot positions �xed in-distribution, the remaining
choice is the content writer.

2.3. WORLDTRACE-FIELD: Canonical Key Averaging

The most literal compressor for keys is averaging (Bolya
et al., 2023; Rae et al., 2020). Naively averaging RoPE-
rotated keys�K (k)

naive = 1
M

P
m R(� k tm ) K (k)

cx;m sums vec-
tors at different RoPE phases; once source frames span a
RoPE period, components cancel and the summary erases
its own signal regardless of content. WORLDTRACE-FIELD

avoids this by averaging in canonical (un-rotated) key space
and re-rotating to the slot's virtual position.

De�nition 2 (WORLDTRACE-FIELD operator). The com-
pressed key at tv for RoPE pair k is

K (k)
�eld (t v ) := R(� k tv )

1
M

MX

m=1

R(�� k tm ) K (k)
t m

: (2)

Each source key is unrotated to canonical contentK (k)
cx;m ,

averaged, and re-encoded attv . Values carry no RoPE; slot
values are the per-frame mean of source values. Sources
are split intoNs contiguous temporal groups, soM has no
separate hyperparameter and grows linearly with N.
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Figure 2. WORLDTRACE cache structure. Each AR chunk appends fresh KVs to the verbatim recent windowR (Wr slots). When that
window over�ows, the evicted block is compressed into the summary cache S (Ns slots) by one of two writers: WORLDTRACE-FIELD
aggregates older context in canonical (un-rotated) key space for trajectory coherence; WORLDTRACE-LANDMARK stores verbatim
canonical keys at detected scene-entry events for episodic recall. Every summary slot receives a �xed in-distribution position by slot rank
(Eq. (1)), so cached content stays addressable at any horizon, O(1) in N, with <10% wall-clock overhead.

Remark 2 (Mean-attention preservation, informal). The
compressed key in Def. 2 preserves the mean attention logit
that the source keys would receive after being reassigned
to the shared virtual positiontv (logits only; softmax non-
linearity precludes the same statement for weights). Formal
statement and proof in App. C (Prop. 1).

2.4.WORLDTRACE-LANDMARK: Frozen Canonical
Landmarks

WORLDTRACE-FIELD cannot recover speci�c scenes.
WORLDTRACE-LANDMARK instead stores verbatim
frames at detected scene-entry events as frozen canonical
keys at slot-rank positions (in the spirit of Landmark Atten-
tion (Mohtashami & Jaggi, 2023)). We mark a scene-entry
when the cosine distance between consecutive canonical-K
signatures (Eq.(2)) spikes above� ; the most recent �ll the
Ns slots (FIFO).

Frozen canonical keys. Slots shift toward the older end
as new chunks arrive; under standard summary updates each
shift unrotates and re-rotates a stored key, accumulating
b�oat16 phase error (Wang et al., 2025). WORLDTRACE-
LANDMARK stores each landmark's canonical key once and
applies a single fresh rotation to the current virtual position
at every shift:

K (k)
land

�
t (s)
v

�
:= R(� k t (s)

v ) R(�� k t ` � ) K (k)
t ` � ; (3)

wheret ` � is the landmark timestamp andK (k)
t ` � its source

key; the form matches Eq.(2) with M=1 , with canonical
key reused across shifts.

2.5. Position-Content Coupling

Position and content are not independent: writers accumu-
late statistics at write-time offsets but are queried at read-
time offsets, and when these disagree the stored statistic

no longer matches the query. WORLDTRACE handles both:
Def. 1 �xes positions and Def. 2 writes in canonical space,
which absorbs the source-to-virtual shift; slot content is then
orthogonal. Storage stays atL train blocks (O(1) in N , iden-
tical to a sliding window) with<10% per-chunk overhead
up to N=102 (App. F, Tab. 15; full procedure in Alg. 1).

3. Experiments

We organize our experiments around three claims. (Q1,
Sec. 3.1) Is position, not content, the binding constraint?
(Q2, Sec. 3.2) Does WORLDTRACE-FIELD improve co-
herence over compression baselines? (Q3, Sec. 3.3) Does
WORLDTRACE-LANDMARK sustain episodic recall at ex-
tended horizons on LoopMem?

Setup. We evaluate on Matrix-Game-2 (MG2-1.3B) (He
et al., 2025b), a distilled 1.3B-parameter autoregressive
video world model based on Wan 1.3B T2V (Wan Team,
2025) with 3D-RoPE, training-time KV cache extent
L train =6 AR blocks (F=3 latent frames each), and local at-
tention window of two blocks (�t train +1=6 latent frames).
We useNs=2 , Wr =4 for coherence andNs=4 , Wr =2 for
episodic recall. Baselines: the MG2 default sliding window;
Naive+ Block-Rel (averaging in rotated key space with-
out RoPE disentanglement); canonical averaging+ Block-
Rel (canonical-domain compression with Block-Rel posi-
tions, isolating position contribution); Landmark+ Block-
Rel (verbatim-recall ablation); concurrent training-free
MemRoPE (Kim et al., 2026) and YaRN (Peng et al., 2024).
Metrics: TempSSIM (Wang et al., 2004) and Local Scene
Drift (CLIP feature distance to preceding chunk) for coher-
ence; Position-Aligned CLIP (PAC, ViT-H/14 cosine be-
tween geometrically paired return- and forward-leg frames)
for recall. Full de�nitions in App. F.5; LingBot-Fast (Rob-
byant Team et al., 2026) replication in App. D.

3



Addressable Memory for Video World Models

LoopMem benchmark. We introduce LoopMem, a
scripted-navigation benchmark for episodic recall in autore-
gressive world models. The model executes a scripted path
that returns to a previously visited location; the regenerated
return frame is scored against the original scene appear-
ance at geometrically matched positions, requiring no ex-
ternal reference. LoopMem organizes dif�culty along four
axes (App. E): waypoint countK , edge lengthL , camera-
orientation closure, and multi-revisit depth R.

3.1. Position is the Binding Constraint

Table 1.TempSSIM (" ): canon-
ical averaging �xed; only posi-
tions vary.

Position N=8 N=16

Block-Rel 0.390 0.530
Centroid 0.377 0.479
WORLDTRACE 0.413 0.545

Holding the content
writer �xed at canonical
key averaging (Eq.(2))
and varying only the
position scheme, Block-
Rel offsets beyond the
training window receive
zero softmax weight
under MG2's local-attention mask, collapsing canonical
averaging to byte-identical sliding-window eviction;
Centroid linear avoids saturation but uses anN -dependent
formula that becomes unstable past the training window.
Only WORLDTRACE assigns positions by slot rank alone
(Eq. (1)), keeping every summary slot in-distribution at
every horizon (Tab. 1;+5:9% over Block-Rel atN=8 ,
+2:8% at N=16).

3.2. Coherence: WORLDTRACE-FIELD

WORLDTRACE-FIELD combines WORLDTRACE slot-rank
positions with canonical key averaging. Against the
sliding-window baseline atN=48 (24� training hori-
zon), WORLDTRACE-FIELD improvesTempSSIM from
0:472to 0:545(+15:5% relative) and lowers Local Drift
from 0:0305to 0:0295, the only method to lead on both
(Tab. 6, App. D.1). Canonical-K averaging variants withN -
dependent positions cluster non-monotonically as horizon
grows (0:479to 0:449atN=48 ), con�rming that stacking
content-domain heuristics cannot recover what an unstable
position scheme loses; qualitative comparison in Fig. 5.

3.3. Episodic Recall on LoopMem

Tab. 2 (Ns=4 , Wr =2 ) reports the full four-tier sweep;
Fig. 3 the long-horizon trend. Tier 1 (waypoint
count). PAC improves +19:5%/+17:7%/+19:9% on
ABA/ABCA/ABCDA; verbatim landmarks survive interme-
diate scenes the agent passes through. Tier 2 (edge length).
The gap widens with KV-context distance,+7:3% at N=8 ,
+19:5% atN=16 , +31:6% atN=32 . Tier 3 (orientation
closure).+3:9%/+16:4% at90� /180� (smaller360� from
approximate yaw scaling). Tier 4 (multi-revisit depth).
ABABA reachesPAC=0:941 vs.0:892; repeated visits do
not corrupt the stored landmark. AtN=256 (� 192 s),

Figure 3. PAC vs. horizon. WORLDTRACE-LANDMARK (top)
sustainsPAC�0:99 throughN=256 (�192 s of decoded video);
the canonical-K anchoring tier (middle) decays pastN=64 ;
compression-only sliding window (bottom) collapses by N=32.

WORLDTRACE-LANDMARK sustainsPAC=0:989 while
the best baseline drops below 0:65 (App. D).

Concurrent training-free baselines. MemRoPE (Kim
et al., 2026) (Block-Rel + dual-rate EMA) survives OOD
positions via decay but is beaten by Landmark+ Block-Rel
in the verbatim tier; transplanting WORLDTRACE positions
into MemRoPE degrades it (p<0:001, App. D.2), con�rm-
ing the position-content coupling of Sec. 2.5. YaRN (Peng
et al., 2024) (NTK-aware temporal RoPE rescaling) gains
+22% over sliding window atN=32 (p<0:001), but uses
O(N) memory and OOMs byN�100 ; WORLDTRACE-
LANDMARK exceeds it by0:964 vs. 0:490 at N=32 in
O(1) memory and stays near-constant through N=512.

Cross-architecture replication. On LingBot-Fast (Rob-
byant Team et al., 2026), WORLDTRACE-LANDMARK

improves PAC from 4� training horizon onward
(+8:9%/+14:1%/+7:3% at4� /6� /8� ), so the addressabil-
ity bottleneck is not MG2-speci�c (App. D.3).

Discussion. The addressability framing factorizes long-
horizon memory into a horizon-stable position scheme and
a content writer that decides what each slot stores. This
factorization explains a recurring pattern across prior work:
position-only �xes (Block-Rel, YaRN) and content-only
�xes (EMA, naive averaging) each plateau because each
absorbs only one of the two failure modes. With both axes
addressed, the design space along theNs=Wr split exposes a
clean trade-off: more summary slots favour recall-dominant
tasks; more recent slots favour coherence-dominant ones.
The framework as stated requires (i) temporal RoPE on
keys and (ii) a known training contextL train ; learned ab-
solute encodings and mixed-window models lie outside its
scope. WORLDTRACE-LANDMARK's scene-entry detector
uses a �xed cosine threshold (�=0:15 ); learned or policy-
conditioned detectors are an open direction (App. G.1).

Ablation. With cache budget �xed atNs+W r =6 , three
axes isolate the design choices (Tab. 7, App. D). Position
assignment is the binding constraint for both writers: canon-
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Figure 4. LoopMem qualitative. Sliding window mismatches the reference on return for ABA/ABCA/ABCDA; WORLDTRACE-
LANDMARK matches scene A in all three.

Table 2. WORLDTRACE-LANDMARK improves episodic re-
call across topology, edge length, camera orientation, and
multi-revisit depth. Each tier groups methods (rows) by loop
con�guration (columns). Primary metric (left of /) isPAC for
ABA-topology and multi-revisit. Secondary metric (right of /) is
TempSSIM over the return leg.
Tier 1: varying topology (K)

ABA (N=16) ABCA (N=17) ABCDA (N=16)

Sliding window 0:723�0:013 / 0:761 0:673�0:014 / 0:740 0:666�0:013 / 0:748
WORLDTRACE-LANDMARK 0:864 �0:009 / 0:786 0:792 �0:011 / 0:758 0:799 �0:011 / 0:771

Tier 2: varying edge length (L, ABA)
ABA short (L=4, N=8) ABA (L=8, N=16) ABA long (L=16, N=32)

Sliding window 0:859�0:007 / 0:780 0:723�0:013 / 0:761 0:627�0:013 / 0:771
WORLDTRACE-LANDMARK 0:922 �0:004 / 0:789 0:864 �0:009 / 0:786 0:825 �0:009 / 0:787

Tier 3: camera-orientation (agent �xed at A)
Pan 90� (N=4) Pan 180� (N=8) Pan 360� (N=8)

Sliding window 0:829�0:008 / 0:480 0:671�0:014 / 0:458 0:559�0:015 / 0:455
WORLDTRACE-LANDMARK 0:861 �0:007 / 0:493 0:781 �0:010 / 0:486 0:577 �0:015 / 0:467

Tier 4: multi-revisit (R>1)
ABABA (R=2, N=32) ABCBA (R B =2, N=20) ABCDBA (R B =2, N=20)

Sliding window 0:892�0:004 / 0:765 0:825�0:010 / 0:751 0:842�0:010 / 0:758
WORLDTRACE-LANDMARK 0:941 �0:005 / 0:789 0:863 �0:009 / 0:771 0:876 �0:009 / 0:775

ical averaging with Block-Rel collapses to sliding-window
byte-for-byte (OOD offsets suppress summary-slot atten-
tion), so the canonical-domain compression is invisible until
positions stay in-distribution. Canonical vs. naive aver-
aging surfaces on coherence: holding positions �xed at
Block-Rel, switching from naive to canonical averaging
cutsLatentDi� by �25:3% , and the gap grows asNs rises
(+0:257 at Ns=1 to +0:312 at Ns=4 for the naive base-
line, while canonical averaging stays �at at0:224–0:257).
Frozen landmark keys prevent rotation-drift accumulation
across summary updates:WORLDTRACE-LANDMARK vs.
Landmark+ Block-Rel grows from+0:040 at N=64 to
+0:046 at N=128 (0:986vs. 0:940), the gap scaling with
the number of accumulated unrotate–rerotate shifts a long-
running agent would incur.

Runtime overhead. WORLDTRACE adds canonical-
domain key transforms and per-slot bookkeeping on top
of the sliding-window baseline. At short horizons (N=8 )
all methods are within6%of baseline because the forward
pass dominates and the cache is small. AtN=102 (�77 s
of decoded video), WORLDTRACE-FIELD adds+9:4% per
chunk as the canonical unrotate/rerotate of the growing
source set takes a larger share of each step, consistent with
theO(Told �ct �n ` ) per-token form (App. F). WORLDTRACE-

LANDMARK's +27:2% atN=102 re�ects per-step kernel
overhead from scene-entry bookmark accumulation rather
than additional FLOP; the per-chunk FLOP cost itself is
O(1) in N . Peak cache memory is unchanged from the
sliding-window baseline at�2:79 GB per batch element on
MG2-1.3B in fp16.

Discussion. The addressability framing factorizes long-
horizon memory into a horizon-stable position scheme and
a content writer; position-only �xes (Block-Rel, YaRN) and
content-only �xes (EMA, naive averaging) each plateau
because they absorb only one of the two failure modes.
With both axes addressed, theNs=Wr split exposes a clean
trade-off: more summary slots favour revisit-dominant
tasks; more recent slots favour smooth local trajecto-
ries. The framework requires temporal RoPE on keys
and a known training contextL train ; learned absolute en-
codings and mixed-window models lie outside its scope.
WORLDTRACE-LANDMARK's scene-entry detector uses
a �xed cosine threshold (�=0:15 ); pose-, action-, or task-
conditioned detectors that turn the current passive event-
triggering into actively-selected retention are a natural next
step (App. G.1).

4. Conclusion

Long-horizon visual persistence in autoregressive video
world models is bottlenecked by positional addressabil-
ity, not summary content: once RoPE offsets exceed the
training window, attention fails to read cached content re-
gardless of how it was compressed. WORLDTRACE �xes ad-
dressability by slot-rank positions, paired with two writers:
WORLDTRACE-FIELD (canonical averaging) for coherence,
WORLDTRACE-LANDMARK (frozen canonical landmarks)
for recall. Both are training-free, drop-in, and turn minutes-
long generation from forgetting into recall. Limitations and
broader impact: App. G.1, App. G.3.
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Table 3. Core notation. Methods, cache structure, indices, virtual positions, scene-boundary threshold, conventions.

Symbol Description

Method Names
WORLDTRACE Training-free KV-cache framework (Sec. 2); assigns each summary slot a �xed slot-

rank virtual position
WORLDTRACE-FIELD WORLDTRACE variant that compresses history by canonical key averaging (coher-

ence; Sec. 2.3, Def. 2)
WORLDTRACE-LANDMARK WORLDTRACE variant keeping verbatim scene-entry frames with frozen canonical

keys (recall; Sec. 2.4, Eq. (3))

Cache Structure
N Total number of AR chunks in a rollout (generation length)
Ns Number of summary slots in the KV cache
Wr Number of recent-window slots (verbatim, newest Wr chunks)
L train Training context length in AR blocks; Ns + W r = L train

F Latent frames per AR block (chunk size)
M Source frames compressed into one summary slot under WORLDTRACE-FIELD

Told Frames outside the recent window:Told = (N�W r )F for N > L train (linear inN )
s Summary slot index, s = 0; : : : ; Ns �1 (0 = oldest)
R Recent-window cache: ordered set of verbatim KVs for the newest Wr blocks
S Summary cache: Ns compressed slots indexed by s
K � Block just popped fromR when a new chunk is appended;K (k)

cx;K � ;f denotes its
canonical key at intra-block frame f

SE Scene-entry indicator: SE = 1 if cosine-distance spike on canonical-K exceeds �
J Number of detected scene-entry landmarks at the current horizon (J � Ns )

Indices (dummy / iteration)
k RoPE frequency-pair index
m Source-frame iteration index (inside

P M
m=1 )

n AR-chunk iteration index
f Intra-block frame index,f 2 f0; : : : ; F �1g (per-frame slot of an AR block; Alg. 1)
� Algorithm mode selector (� 2 fWORLDTRACE-FIELD; WORLDTRACE-LANDMARKg ,

Alg. 1)

Virtual Position Assignment (Slot Indexing, Def. 1)
q Absolute timestamp of the current query frame
t Absolute timestamp of a cached key frame
tv

min In-distribution lower bound: max(0; q � (L train �1)F )
tv

max In-distribution upper bound for summary slots: q � Wr F
tv Generic virtual position (no slot index)
t (s)

v Virtual position of slot s: q � (L train �1�s)F

Scene-Boundary Detection
� Scene-boundary detection threshold (�=0:15 ; used by WORLDTRACE-LANDMARK)

Experimental Conventions
n Number of distinct initial scenes (test instances) per evaluation condition
seed Global random seed controlling initial scene selection and denoising noise
Ns + W r = L train Capacity constraint: total cache always �lls the training window

Appendices

A. Notation

Symbols used throughout the paper. Tab. 3 lists model and cache notation, indices, and virtual positions; Tab. 4 lists RoPE
and key representations. Evaluation metrics: Tab. 16 (App. F.5); LoopMem parameters: App. E.
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Table 4. RoPE and key representations. Parameters, rotations, and key/query variants used across the equations.

Symbol Description

RoPE Parameters
� RoPE base frequency (�=10000 for MG2)
� k RoPE angular frequency for temporal head-dimension pair k; �k = � �k=c t

ct Number of temporal RoPE complex pairs per head
ch Number of height-spatial RoPE complex pairs per head
cw Number of width-spatial RoPE complex pairs per head
n` Number of transformer layers
R(�) Rotation matrix by angle � (applied per frequency pair)

Key / Query Variants
K (k)

t m
RoPE-rotated key at absolute position tm , frequency pair k

K (k)
cx;m Canonical (unrotated) key content: R(��k tm ) K (k)

t m�K (k)
cx Canonical mean acrossM source frames (implicit operator output of WORLDTRACE-

FIELD)
�K (k)

naive Naive RoPE-space average of M rotated keys
K (k)

�eld (t v ) WORLDTRACE-FIELD compressed key at virtual position tv (Def. 2)

K (k)
land

�
t (s)

v

�
WORLDTRACE-LANDMARK frozen canonical key at slot s (Eq. (3))

t ` � Original timestamp of a selected landmark frame
K (k)

t ` � Landmark source key at t` � , frequency pair k
Q(k)

q RoPE-rotated query at q, frequency pair k

Attention Quantities
� q;t Query-key temporal offset: q � t
�t train Largest temporal offset within the local attention window during training (la-

tent frames; e.g.,�t train =5 for MG2). Distinct from the training cache extent
(L train �1)F

`k (q; t) Attention-logit contribution from frequency pair k at offset �q;t

A (k)
q;t Query-key content term in canonical coordinates for `k (q; t)

Math Operators
Re(�) Real part of a complex expression (used in `k (q; t))
e, i Euler's number and imaginary unit (italic; complex exponentials in Eq. (2))
sp Spatial-axis label superscript (ei� sp �(h;w) , App. C)

A.1. Core Notation

A.2. RoPE and Key Representations

B. Related Work

B.1. Memory-Augmented Transformers

WORLDTRACE inherits the two-tier (recent verbatim window plus compressed older history) pattern from a lineage
of memory-augmented transformers. Transformer-XL (Dai et al., 2019) pairs segment-level recurrence with a relative
position encoding so recurrence does not corrupt absolute indices; Compressive Transformers (Rae et al., 2020) add a
compressed memory of older tokens on top, and the two-tier structure we adopt. Memorizing Transformers (Wu et al., 2022)
attach an externalkNN-retrieved memory; Recurrent Memory Transformer (Bulatov et al., 2022) and Block-Recurrent
Transformers (Hutchins et al., 2022) pass learned memory tokens between segments; In�ni-attention (Munkhdalai et al.,
2024) fuses a sliding window with a compressive long-term memory in one block. Landmark Attention (Mohtashami
& Jaggi, 2023) introduces landmark tokens that gate cross-block retrieval; this antecedent shares vocabulary with our
WORLDTRACE-LANDMARK variant but differs on three axes: their landmarks are trained representatives that gate attention
to off-cache blocks at 1D position, while WORLDTRACE-LANDMARK is training-free, stores verbatim canonical-frame
keys inside theO(1) cache, and freezes them against unrotate–rerotate drift in 3D RoPE. The broader full-attention-to-
compressed-state spectrum spans linear attention (Katharopoulos et al., 2020), Mamba (Gu & Dao, 2024), and Test-Time
Training (Sun et al., 2025b); we target the �xed-budget, training-free regime in AR video diffusion.
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B.2. KV Cache Compression for Large Language Models

Window and eviction methods. Window methods (Beltagy et al., 2020) retain the most recentw tokens;
StreamingLLM (Xiao et al., 2024b) augments windows with initial “sink” tokens. Token eviction methods select high-
importance tokens via accumulated attention mass (H2O (Zhang et al., 2023)), key L2-norm (KnormPress (NVIDIA,
2024)), pooled attention (SnapKV (Li et al., 2024)), per-layer budget (PyramidKV (Cai et al., 2025)), lazy-layer drop
(SimLayerKV (Zhang et al., 2024)), or query-aware page criticality (Quest (Tang et al., 2024)).

Token merging methods. Merging methods combine similar tokens rather than evicting them: ToMe (Bolya et al.,
2023), KVCompose (Akulov et al., 2025) (composite tokens), SemantiCache (Wu et al., 2026b) (semantic clusters), and
KeepKV (Tian et al., 2026) (lossless via attention-score adjustment). Pre-RoPE Q and K vectors concentrate around stable
directional centers in LLMs; TriAttention (Mao et al., 2026a) scores each token by angular alignment plus magnitude and
retains the top-scoring ones verbatim.

Quantization, architectural, and retrieval alternatives. KIVI (Liu et al., 2024) quantizes the cache (orthogonal to
and composable with our position-content axis); on the video side, Quant VideoGen (Xi et al., 2026) achieves 2-bit KV
quantization with semantic-aware smoothing for AR video diffusion, and Ranganath et al. (2026) systematically benchmark
33 quantization variants under self-forcing rollouts; quantization is empirically decoupled from the position-OOD failure
mode WORLDTRACE addresses. DuoAttention (Xiao et al., 2025a) partitions heads into retrieval (full-cache) and streaming
(constant-size + sinks) families, parallel to our verbatim-recent vs. compressed-summary split; InfLLM (Xiao et al., 2024a)
combines sliding-window attention with memory-unit retrieval for training-free long-context extrapolation. RULER (Hsieh
et al., 2024) is the standard synthetic retrieval/aggregation benchmark on the LLM side; our LoopMem (App. E) extends
this paradigm to closed-loop video generation.

Position handling in KV compression. Most LLM-side methods operate only on content and do not address what
virtual position to assign a summary representing multiple merged tokens. EliteKV (Zhou et al., 2025b) identi�es per-
head frequency preferences for low-rank compression but compresses individual tokens, so position reassignment does
not arise; A2ATS (He et al., 2025a) decouples positional dependency for retrieval rather than reassigning positions for
summaries. The unrotate–rerotate primitive appears in FINCH (Corallo & Papotti, 2024) and the KeyRerotationPress module
of KVPress (NVIDIA, 2024), both applied per-retained-token after compression; our contribution is its use as an averaging
operator over multiple canonical keys (WORLDTRACE-FIELD), coupled with the slot-rank positions of WORLDTRACE.

Why KV compression differs in our setting. The KV context spans separately denoised AR blocks rather than a single
token stream, and the RoPE-OOD failure mode is benign for LLM deployments operating within the trained window
(the orthogonal long-context-extension problem is in the next subsection). The angular-concentration prerequisite of
TriAttention does not hold under denoising-timestep-conditionedQ: on MG2, TriAttention collapses to a norm-based
eviction that matches canonical key averaging or underperforms both it and sliding-window eviction. Layer-allocation
methods (PyramidKV, SimLayerKV) reallocate budget across layers but do not reassign positions.

B.3. Position Extrapolation for RoPE

LLM-side analysis. A long line of work addresses the same mechanism we exploit: RoPE (Su et al., 2024) is not robust
to relative offsets beyond the training distribution. Position Interpolation (Chen et al., 2023) down-scales position indices;
YaRN (Peng et al., 2024) re�nes this with NTK-by-parts scaling; LongRoPE (Ding et al., 2024) reaches 2M-token context
via non-uniform per-dimension interpolation; LongRoPE2 (Shang et al., 2025) attributes residual OOD to undertrained
higher RoPE dimensions, aligned with the per-frequency severity we measure in App. F.2. ALiBi (Press et al., 2022)
replaces RoPE with a �xed linear distance bias; xPos (Sun et al., 2023) adds an exponential-decay term; Kazemnejad et al.
(2023) (NoPE) show position-free transformers can outperform RoPE/ALiBi/APE on length generalization (clarifying that
our RoPE-OOD argument concerns models already trained with RoPE). CoPE (Golovneva et al., 2024) makes positions
content-conditional; Barbero et al. (2025) dissect which RoPE frequencies carry position vs. semantics. HoPE (Chen et al.,
2025b) and FoPE (Hua et al., 2025) perform per-frequency RoPE-OOD analysis at the LLM scale via cascade-failure and
Non-Uniform Discrete Fourier Transform theory, respectively, anchoring our per-frequency view (App. F.2).

Vision and video. RoPE-ViT (Heo et al., 2024) adapts RoPE to vision transformers via a 2D RoPE-Mixed split; Vide-
oRoPE (Wei et al., 2025) introduces a 3D RoPE structure with low-frequency temporal allocation and the V-NIAH-D
long-context retrieval test for video LLMs; ViewRope (Xiang et al., 2026) replaces screen-space coordinates with camera-ray
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geometry to maintain loop-closure consistency in pose-conditioned video world models; RIFLEx (Zhao et al., 2025) achieves
training-free length extrapolation in video diffusion via per-frequency intrinsic-frequency reduction.

Position-content coupling. Wang et al. (2025) show position couples to numerical precision (bf16 deviates RoPE from its
intended relative encoding over long contexts), consistent with our position-content coupling thesis (Sec. 2.5). On the video
side, UCM (Xu et al., 2026b) reassigns 3D positional encodings via time-aware warping for camera-controlled world models,
and MosaicMem (Yu et al., 2026) introduces “Warped RoPE” that reprojects positional encodings of memory patches into
the target view. Both are virtual-position-assignment operators in our sense, but their warping is camera/geometry-driven
and paired with trained content writers; ours is slot-rank-driven and training-free.

Why RoPE extrapolation differs in our setting. These works adapt position embeddings for LLMs that read a single
growing sequence (or for video LLMs operating on a �xed-length input); our setting differs in two structural ways: (i)
inference proceeds across many independently denoised AR video blocks rather than a single autoregressive token stream,
so the cache must be compressed rather than just re-mapped, and (ii) compressingM source frames into one slot raises the
question of which virtual position to assign that summary, a question that does not arise when each cached token retains its
own identity. WORLDTRACE addresses (ii) by assigning each slot a �xed slot-rank offset.

B.4. Autoregressive Video World Models

Lineage and training paradigms. Recent autoregressive video diffusion models (Brooks et al., 2024; Bruce et al., 2024;
Google DeepMind, 2024; 2025; He et al., 2025b; Decart et al., 2024; Valevski et al., 2025; Guo et al., 2025; Li et al., 2025b;
Yan Team, 2025) generate interactively via AR chunk prediction. The dominant training paradigm Self-Forcing (Huang
et al., 2025b) (built on Diffusion Forcing (Chen et al., 2024), DFoT (Song et al., 2025a), and CausVid (Yin et al., 2025))
rolls out on the student's own KV cache, inheriting a local attention window not designed for arbitrarily long inference.
Self-Forcing++ (Cui et al., 2026b) extends this to multi-minute video via long-rollout self-distillation; FAR (Gu et al., 2025)
reformulates AR video as next-frame prediction over an unbounded cache; Vid2World (Huang et al., 2026b) causalizes
bidirectional video diffusion into interactive world models; LIVE (Huang et al., 2026a) stabilizes long horizons via a
cycle-consistency objective. Our work is complementary, operating purely at inference time on top of an already-trained
model. Open foundation backbones (Wan Team, 2025; NVIDIA, 2025; Sand AI, 2025) provide the capacity that makes
long-horizon AR rollout viable.

World-model and RL lineage. The world-model framing traces to Ha & Schmidhuber (2018) through the Dreamer
line (Hafner et al., 2025); transformer-based world models like IRIS (Micheli et al., 2023) and DIAMOND (Alonso
et al., 2024) establish the autoregressive transformer as a sample-ef�cient world-model backbone, and open foundation
platforms (NVIDIA, 2025; Wan Team, 2025) provide the capacity our inference-time intervention runs on.

B.5. Memory and KV Cache for Video World Models

Existing memory approaches. Existing systems use one of three cache approaches. Sliding-window KV caches (MG2 (He
et al., 2025b), LongLive (Yang et al., 2026a)) bound memory atO(1) but discard history and leave cached positions OOD.
Memory re-encoding (MG3 (Wang et al., 2026b)) selects past frames via �eld-of-view similarity and re-encodes at each AR
step, sidestepping both problems at the cost of roughly doubled per-step latency; FramePack (Zhang et al., 2025) compresses
input frame contexts by frame-wise importance, and WorldMem (Xiao et al., 2025b) attaches a state-aware memory of
pose-tagged frames re-injected via auxiliary attention. Architectural memory modules include StreamingT2V (Henschel
et al., 2025), which pairs a short conditional-attention window with a long-term appearance-preservation module anchored
on the �rst chunk.

Concurrent training-free cache work. Closest to ours, four concurrent training-free works share our diagnosis (temporal
RoPE OOD as the long-horizon bottleneck) but pair it with a different content writer: In�nity-RoPE (Yesiltepe et al.,
2026) uses Block-Rel offsets with KV Flush (sink + most recent block only); FAR (Gu et al., 2025) introduces FlexRoPE
for temporal-decay extrapolation on an unboundedO(T ) cache; Deep Forcing (Yi et al., 2025) dedicates�50% of the
window to “Deep Sink” tokens with re-aligned RoPE phases; MemRoPE (Kim et al., 2026) pairs Block-Rel positions with
a dual-rate EMA summary cache. The �rst three either operate on existing tokens (verbatim or sink-aligned) or scale to
unbounded caches; WORLDTRACE, instead, assigns positions to compressed summaries that represent multiple merged
frames within a �xed budget. Deep Forcing's importance-pruning is content-side and composes with slot-rank. Tab. 8
shows that transplanting WORLDTRACE positions into MemRoPE without retuning its EMA content regime regresses
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performance, con�rming position and content must be jointly designed. PackCache (Li et al., 2026c) is also training-free
and uses a “spatially preserving position embedding” for cache removal; it applies virtual position assignment per-token
rather than per-summary-slot, paired with cross-frame decay rather than canonical-key averaging or verbatim landmarks.
FlowCache (Ma et al., 2026) introduces chunk-wise denoising-step caching and an importance–redundancy KV compression
scheme for autoregressive video; its goal is per-step compute reduction rather than long-horizon recall, but the chunk-aware
cache structure is similar to the recent–summary split we adopt. TempCache (Samuel et al., 2026) merges near-duplicate
cached keys across AR frames via approximate-nearest-neighbor temporal correspondence, paired with sparse self- and
cross-attention; merging operates at per-token similarity level rather than reassigning summary-slot virtual positions in
canonical space.

Closest concurrent training-time analogs. Two contemporaneous works share WORLDTRACE's diagnosis and propose
related �xes through training-time mechanisms. Grounded Forcing (Chen et al., 2026b) introduces a Dual Memory KV
Cache (Local Temporal Memory plus Global Consistency Memory) coupled with Dual-Reference RoPE Injection that
stores raw pre-RoPE keys and injects �xedt=0 for global anchors and relative offsets for local frames; their dual-reference
indexing is the training-time analog of our slot-rank virtual positions. Anchor Forcing (Yang et al., 2026b) partitions
the cache into sink, junction, and local regions, each with its own RoPE reference origin capped at the pretrained limit,
and learns the assignment via RoPE re-alignment distillation. WORLDTRACE differs in being inference-time-only with
no distillation or retraining, in decomposing retention into orthogonal coherence (WORLDTRACE-FIELD) and verbatim
recall (WORLDTRACE-LANDMARK) operators, selectable per task, and in pinning summary-slot position rather than
content as the binding constraint. Composition of Memory Experts (Stapf et al., 2026), the long-term spatial-memory
framework of Wu et al. (2025), and Mixture of Contexts (Cai et al., 2026) provide training-time decompositions: a contrastive
product-of-experts over short-term, long-term episodic, and spatial memory; point-cloud spatial memory plus sparse episodic
keyframes; and sparse top-k routing with mandatory text/intra-shot anchors. Context Forcing (Chen et al., 2026d) addresses
the same student-teacher mismatch by training a long-context student under a long-context teacher with a Slow-Fast Memory
architecture that bounds attention cost while preserving 20 s+ effective context. Stable Video In�nity (Li et al., 2025d)
bridges the train-test hypothesis gap via Error-Recycling Fine-Tuning that injects historical errors as supervisory prompts
so the DiT learns to correct its own drift. Hybrid Forcing (Li et al., 2026d) combines a linear-attention summary state for
evicted tokens with block-sparse local attention through a decoupled-distillation pipeline. All three are training-time analogs
that complement WORLDTRACE's inference-time-only operation; WORLDTRACE can, in principle, compose with any of
them at the cache level.

Concurrent trained video-memory architectures. A second cluster of concurrent works addresses the same long-horizon
memory problem but with trained components. RELIC (Hong et al., 2025) stores compressed historical latents in the KV
cache with both relative-action and absolute-camera-pose annotations (camera-aware memory); MosaicMem (Yu et al.,
2026) pairs Warped RoPE (geometry-driven virtual position assignment) with Warped Latent injection; UCM (Xu et al.,
2026b) reassigns 3D positional encodings via time-aware warping for camera-controlled world models; PackForcing (Mao
et al., 2026b) partitions the cache into sink/mid-compressed/recent and applies a Continuous Temporal RoPE Adjustment to
re-align position gaps left by dropped tokens (zero-shot or 5s-clip-trained). Compared to these, WORLDTRACE pursues the
strict zero-�ne-tune regime, depends on slot-rank rather than camera/geometry signals, and decomposes the cache update
into orthogonal coherence (WORLDTRACE-FIELD) and recall (WORLDTRACE-LANDMARK) operators that can be selected
per task without retraining.

Other concurrent video-cache and memory-bank work. Other concurrent training-free work spans position-side
�xes (LoL (Cui et al., 2026a), FLEX (Li et al., 2026b)), content-side selection (PaFu-KV (Chen et al., 2026a), Rolling
Sink (Li et al., 2026a), Relax Forcing (Zhao et al., 2026), Rolling Forcing (Liu et al., 2026)), world-model architectures
(WorldPack (Oshima et al., 2025), WorldPlay (Sun et al., 2025a), VideoSSM (Yu et al., 2025b)), and memory-bank designs
(Memory Forcing (Huang et al., 2025a), VMem (Li et al., 2025c), Context as Memory (Yu et al., 2025a), AnchorWeave (Wang
et al., 2026a), In�nite-World (Wu et al., 2026a), HyDRA (Chen et al., 2026c), MemFlow (Ji et al., 2025), Memorize-When-
Needed (Guo et al., 2026), VRAG (Chen et al., 2025a)). Sparse Forcing (Xu et al., 2026a) learns native block-sparse
attention plus persistent spatiotemporal anchors via a Persistent Block-Sparse Attention kernel, observing the same “implicit
spatiotemporal memory” on persistent KV slots that motivates WORLDTRACE-LANDMARK's scene-entry detection but
training the sparsity end-to-end. MemCam (Gao et al., 2026) pairs a context-compression module with co-visibility-
based historical-frame selection for camera-controlled long video generation; the selection is geometry-driven rather than
canonical-K-spike-driven, and the framework is trained. MemFlow retrieves the most relevant historical frames per chunk
and activates only top-k tokens in attention; Memorize-When-Needed adds a decoupled memory branch with camera-
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Table 5. KV cache comparison. WORLDTRACE makes compressed memory addressable; WORLDTRACE-FIELD uses a �eld vs.
WORLDTRACE-LANDMARK retaining selected landmarks.
Method Fixes pos. OOD? Bounded memory? Preserves history? Training-free?

Full KV No No (O(N)) Yes (exact) Yes
Sliding window No Yes (O(1)) Recent only Yes
KV Flush + Block-Rel (Yesiltepe et al., 2026) (KV-Flush variant) Yes Yes (O(1)) No (amnesic) Yes
Naive + Block-Rel Partial Yes (O(1)) Corrupted (Sec. 1) Yes
MemRoPE (Kim et al., 2026) Partial Yes (O(1)) EMA-diluted Yes
FAR (FlexRoPE) (Gu et al., 2025) Yes No (O(T )) Yes (exact) Yes
Deep Forcing (Yi et al., 2025) Partial Yes (O(1)) Sink + importance-pruned recent Yes
KnormEvict + WORLDTRACE Yes Yes (O(1)) Partial (1 token/slot) Yes
WORLDTRACE-FIELD (ours) Yes Yes (O(1)) Yes (compressed �eld) Yes
WORLDTRACE-LANDMARK (ours) Yes Yes (O(1)) Yes (verbatim landmarks) Yes

aware gating that conditions generation on memory only when meaningful historical references exist; VRAG augments
interactive video generation with explicit global-state retrieval to reduce compounding errors. The memory-bank designs
store geometry-anchored or retrieval-indexed frames outside the standard KV cache and re-inject them via auxiliary attention;
WORLDTRACE instead compresses history into a constant-size summary within the standard KV cache, supporting both
coherence (WORLDTRACE-FIELD) and verbatim recall (WORLDTRACE-LANDMARK) under a singleO(1) budget without
re-encoding or retrieval.

Evaluation benchmarks for world generation. WorldScore (Duan et al., 2025), MIND (Ye et al., 2026), and VBench-
2.0 (Zheng et al., 2025) provide uni�ed long-horizon evaluation; WorldModelBench (Li et al., 2025a) explicitly positions
video generation as world modeling. Closer to our setting, Lian et al. (2025) constructs a Minecraft loop-navigation
benchmark that assesses spatial consistency during revisits to previously seen locations. Our LoopMem benchmark (App. E)
targets the orthogonal axis of closed-loop episodic recall (return-to-origin trajectories) on top of pretrained autoregressive
video world models, complementing rather than replacing these broader quality benchmarks.

Differentiation summary. Tab. 5 summarizes four axes: whether positional OOD is �xed, whether memory is bounded,
whether intermediate history is preserved, and whether retraining is required.

C. WORLDTRACE-FIELD: Additional Properties

This section expands Eq. (2), summarised at the end of Sec. 2.3.

Mean attention preservation. The WORLDTRACE-FIELD compression preserves the mean attention logit: a single
summary tokenK (k)

�eld (t v ) reproduces exactly the average of the logits that theM individual source keys would produce if
they were all relocated to the same virtual positiontv . This holds for every queryQ(k)

q and every temporal RoPE frequency
k, so no query can distinguish a slot that was built from one frame versus many.

Proposition 1 (Mean attention preservation). Fix a temporal RoPE pair k and a virtual position tv . For any query Q(k)
q ,
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=
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M

P
m K (k)

cx;m ; linearity of the inner product in its second argument

then giveshQ(k)
q ; K (k)

�eld (t v )i = hQ (k)
q ; R(� k tv ) �K (k)

cx i = 1
M

P
m hQ(k)

q ; R(� k tv ) K (k)
cx;m i . The summary token contributes

the mean attention logit that the source keys would produce if their content were �rst moved to the shared virtual positiontv .

Concretely,K (k)
�eld (t v ) acts as if allM source frames were simultaneously repositioned totv : no individual timestamptm

appears in the compressed representation, only the canonical content average�K (k)
cx . This fully decouples the summary

content from its temporal placement, enabling WORLDTRACE to freely reassign virtual positions (Def. 1) without distorting
the stored signal.

Characterization. Eq.(2) is the linear compression operator that (a) mapsM RoPE-encoded keys to a single token at
virtual positiontv and (b) satis�es the mean attention preservation property of Prop. 1: unrotate each key to canonical space,
average, and re-encode attv . The content of the compressed token is fully determined by property (b); any linear operator
satisfying it must produce the same canonical average�K (k)

cx , since the property pins the output attention logit for all queries.
Only tv remains free, and WORLDTRACE chooses it (Sec. 2.2). Pinning a learned operator by a structural property of its
derivative (here, the block-diagonal phase rotation of RoPE that Eq.(2) inverts) has antecedents in structured-Jacobian
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Table 6. WORLDTRACE-FIELD leads onTempSSIM at both horizons and on Local Drift. At N=32 , WORLDTRACE-FIELD has the
highestTempSSIM (0:613) though centroid variants have lower Drift; atN=48 , WORLDTRACE-FIELD leads on both metrics. Centroid
replaces Block-Rel's saturating offset by linearly mapping each slot's mean source-frame timestamp into[t v

min ; t v
max ]; norm rescales the

canonical mean to preserve per-frame norm; geom uses geometric group sizes; knorm weights frames by their canonical-key L2 norm.

N=32 N=48

Method TempSSIM " Local Drift # TempSSIM " Local Drift #

Sliding window (baseline) 0.571 0.0229 0.472 0.0305
Canonical averaging + Block-Rel (uniform) 0.585 0.0215 0.530 0.0339
Canonical averaging + Centroid (uniform) 0.573 0.0211 0.479 0.0297

WORLDTRACE-FIELD (ours) 0.613 0.0250 0.545 0.0295

Figure 5. WORLDTRACE-FIELD qualitative comparison at N=48 . Four position-encoding methods generated from the samet=1
conditioning frame: sliding window, Block-Rel, Centroid, and WORLDTRACE-FIELD (ours). Once a baseline diverges, it does not recover.
Diverged frames are bordered in red. WORLDTRACE-FIELD retains memory of earlier chunks and remains coherent across the horizon.
The camera path across the seven columns is plotted in Fig. 9.

parameterizations (Lorraine & Hossain, 2019); WORLDTRACE-FIELD is the closed-form, training-free analog for the
temporal RoPE block. Non-linear alternatives (e.g., selecting the highest-norm token verbatim) satisfy neither property
and lose phase coherence across compressed frames. We con�rm this empirically: KnormEvict+ WORLDTRACE (single
highest-norm canonical key per slot) achievesPAC 0:553vs.0:574for WORLDTRACE-FIELD (�3:7% , p=0:074, n=10 ,
paired atN=16 ), with TempSSIM also signi�cantly lower (p=0:007), consistent with information loss from discarding all
history except the single highest-norm frame.

Spatial RoPE is unaffected. Spatial RoPE (encoding heighth and widthw) is �xed across all frames at the same spatial
position. The spatial phaseei� sp h is identical for tokens(f 1; h; w) and(f 2; h; w); it factors out of the sum in Eq.(2) and is
preserved exactly. The temporal unrotation and re-rotation in Eq.(2) touch only the �rst2ct head dimensions, at 2 FLOP
per key per channel pair.

Norm collapse. AveragingM uncorrelated canonical keys reduces the norm by� 1=
p

M , suppressing the attention
weight of summary tokens in the softmax. A norm-preserving rescale can counteract this; we evaluate it as canonical key
averaging+Norm in App. D. The rescale does not improve our method at long horizons, so we omit it.

D. Additional Experimental Results

D.1. Coherence and Ablation Tables

Tab. 6 reportsTempSSIM and Local Scene Drift for WORLDTRACE-FIELD and three canonical-averaging baselines at
N=32 andN=48 . Fig. 5 shows a qualitative four-method comparison along a �xed camera path atN=48 on Matrix-Game-2.
Tab. 7 isolates the three design choices of WORLDTRACE on the ABA recall protocol.
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