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Abstract

We study visual persistence in interactive video world models. These models rely on a Key-Value (KV)
cache as a growing visual memory to carry forward previously generated frames. However, we find that
once rollouts extend beyond the training horizon, models can no longer reliably address stored content:
once temporal Rotary Positional Embeddings (RoPE) offsets fall outside the range seen during training,
the model struggles to retrieve the relevant visual information through attention. Moreover, naively
compressing the cache in the RoPE-rotated space corrupt memory by averaging together incompatible
positional phases. To address this, we propose WORLDTRACE, a training-free memory framework for
long-horizon visual persistence. WoRLDTRACE keeps compressed memory addressable by assigning
each summary slot a distinct, in-distribution virtual position. Within this addressable cache, we study two
memory compression approaches: WorRLDTRACE-FIELD compresses history for temporal coherence,
while WorLDTRACE-LANDMARK stores verbatim scene traces at detected transitions for episodic recall.
To measure recall under controlled revisits, we introduce LoopMEM, a benchmark evaluating whether a
compressed cache can reconstruct a previously visited scene after a long detour. WoORLDTRACE-FIELD
improves temporal consistency by +15.5%, and WoRLDTRACE-LANDMARK improves episodic recall
by +19.5% on LoopMEM, extending visually persistent generation without retraining.

1 Introduction

Memory is what makes a generated world persistent. A world model should not only predict what comes next,
but also preserve what has already been seen. World models aim to simulate worlds we can explore [

A s s s s 1, and recent autoregressive video world
models [ , , , , , ] pursue this vision by generating video scenes
chunk-by-chunk, with each chunk attending over a Key-Value (KV) cache of prior context. These models
promise interactive applications such as next-generation game engines [ , , ,

X s ] and closed-loop robot simulators [ R R s 1, in which
users can move freely through a visual world and revisit prior locations. Such revisits demand visual persistence:
when an agent returns, the generated results should be consistent with the scene’s original appearance, not a
plausible-looking alternative.

In practice, visual persistence degrades rapidly once generation exceeds the training context length. A natural
way to address this issue is to compress the linearly growing KV cache into a fixed-size memory [

s s s s s s s ] equal to the size of the context seen during
training. However, we find that the bottleneck is not simply whether past content is stored in the cache, but
whether it remains addressable and how it is compressed. As the generation horizon extends beyond the
training context length, the positional encoding these models rely on (e.g., RoPE [ , 1) is queried
at position indices outside its training-bounded range, so the model needs to attend over relative distances
that are out-of-distribution (OOD), degrading attention-based memory retrieval. In other words, even if past
memories are stored in the KV cache, the model cannot retrieve them. As a result, compressed memory becomes
effectively inaccessible, regardless of its construction. This reveals that long-horizon failure is fundamentally a
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Figure 1: Addressable memory maintains long-horizon visual persistence. (Left) Loop topology
Al B! C! D! A. (Right) Representative frames on Matrix-Game-2 along the path: the initial scene A (blue
border), waypoints B, C, and D, and the return to A. Sliding window (top) mismatches the reference appearance
at the return (red border). Our WorldTrace with frozen landmark keys (green border) matches scene A,
con rming addressable long-horizon recall.

problem of addressability:no memory scheme can improve visual persistence if past observations cannot be
reliably accessed once they fall outside the context window.

WorldTrace . Totackle this problem, we proposeWorldTrace ,atraining-free approach for addressable
compressed memory over long horizons. We assignh each memory entry a xed, in-distribution temporal position
relative to the current frame, keeping past observations within the temporal positional encoding range the
model was trained on so that distant tokens remain retrievable. The cache is organized into a recent window
and summary slots for the distant horizon. Within this addressable cache, the remaining challenge is what the
world model should choose to remember. We view this as a structured projection of a growing visual history
into a xed set of retrievable traces. We propose two complementary memory writers: WorldTracesField
which preserves the coarse eld of past information in rotation-invariant space for temporal coherence, and
WorldTraceeLandmark  which preserves sparse scene-entry traces for long-horizon recall.

Our experiments show that addressable memory extends the e ective memory horizon. To evaluate episodic
recall under controlled scene revisits, we proposeLoopMem, a memorybenchmark that tests whether the
compressed KV cache can retrieve a previously visited scene after a long detour. While the sliding-window
baseline begins to forget scene structure after only a few seconds and loses structural delity when revisiting the
same location, our WorldTrace maintains consistent scene reconstruction over long rollouts and recovers
the original scene appearance (Fig. 1).

Our contributions are:

1. We identify two coupled challenges for long-horizon generation in autoregressive video world models,where
memory is placed andwhat it stores: out-of-distribution temporal o sets make cached tokens unaddressable,
and RoPE phase cancellation makes naively compressed summaries uninformative (Sec. 2).

2. We proposeWorldTrace , atraining-free approach that keeps compressed memory both addressable
and useful without retraining. It assigns each summary an in-distribution virtual position (Sec. 3.1) and
organizes the growing visual history into a xed set of retrievable traces, realized by two complementary
operators: WorldTraceeField  for temporal coherence (Sec. 3.3) andWorldTracesLandmark  for
episodic recall (Sec. 3.4).

3. We introduce LoopMem, a memory benchmark of controlled scene revisits that measures whether a
compressed cache can recover a previously visited scene (Sec. 4). We show th¥forldTrace extends
the e ective memory horizon over the default sliding-window cache: WorldTraceeField improves
temporal consistency by +15.5% on long rollouts, and WorldTraceesLandmark improves episodic
recall by +19.5% on LoopMem ABA revisits, both without retraining.

2 Rethinking Memory in Video World Models

Autoregressive video world models retain prior context as cached keys and values during generation. Long-
horizon memory therefore depends both on whether relevant past context remains inside the cache and
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on whether the model can e ectively attend to it during future generation. Two coupled bottlenecks arise.
First, cached tokens need to remainaddressablgSec. 2.1): attending to a distant token requires a temporal
ROPE o set that may lie outside the training distribution, leaving the token unreadable even when stored.
Second, compressed summaries need to remaimformative (Sec. 2.2): when old keys are compressed naively,
mismatched RoPE phases can cancel out the signal the summary is supposed to carry.

2.1 Position Determines Whether Memory Is Addressable

The rst bottleneck is addressability a cached token helps only if the current query can still attend to it. The
further back a token lies, the larger its temporal RoPE o set from the current query; once this o set grows
beyond the range seen during training, the model can no longer read the entry even though it still sits in the
cache. We summarize the notations in App.

Concretely, during training the query only attends over a bounded range of relative o sets 4 between the
current frame and each cached frame:

0 gt=Qq t ttrain ;

where g is the absolute position of the current query frame, t that of a cached key frame, witht g under
causal autoregressive attention, and ty.in the largest o set seen during training.

For temporal ROPE pairk at angular frequency , its contribution ay(q;t) to the query-key attention score is:
ak(q;t) = Re Ag]lg(t)ei kgt
where Re() is the real part and Ag‘ft) is the content-dependent inner product in canonical coordinates between
the query at g and the key att. During long-horizon inference, these o sets grow ever larger, and ¢ can
exceed tgan . The aected ROPE components then take on rotation angles the model never saw during
training. This e ect is frequency-dependent: the fastest temporal components degrade into positional noise,
while slower ones stay close to their trained range and keep carrying usable signal [ ,
, ]. We quantify this per frequency in App.

Several concurrent methods investigate related positional issues. In nity-RoPE [ , ] proposes
Block-relative ROPE which reindexes each cached frame relative to the current AR block so thaty; always
stays within the trained range, keeping generation in-distribution without a xed memory budget. It targets

in nite video generation rather than memory compression. Applied to a compressedache, however, this
reindexing caps every o set at tyain , SO distinct summary slots collapse onto the same position and become
indistinguishable (Rem. 1). MemRoPE | , ] compresses history into two EMA memory tokens,
a long-term and a short-term stream, which avoids this collapse simply because only two summaries need
distinct positions. The design is xed to two streams and does not extend to anN -slot cache, where capped
Block-relative positions would again collide. Unlike these, our WorldTrace targets anN -slot compressed
cache directly: it assigns every slot a distinct, in-distribution slot-rank position, so an arbitrary number of
summaries stay individually addressable at any horizon. We provide a detailed discussion of related work in
App.

2.2 Content Compression Determines Whether Memory Is Informative

Even if a compressed summary is within an in-distribution temporal position, the second bottleneck isinfor-
mativenessthe slot must still carry an informative summary after compression. A common way to compress
cached keys is averaging [ , , , ]. With RoPE-rotated keys, at frequendy this
corresponds to:

1 X wm
Khawe = a7 - RCktm) KE;

naive M

where K (¢ is the canonical (unrotated) key of frame m at frequency k and R( ktn) is its ROPE rotation. Each

frame is rotated by a di erent angle (t, before averaging, soKr(]Zi)\,e sums vectors that point in di erent
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Figure 2: WorldTrace overview. WorldTrace partitions the context window into a compressed summary
cacheS for the distant past and a verbatim recentwindow R (top). Each slot occupies one latent-frame position
in the cache, with recent slots holding one verbatim frame and summary slots holding compressed history.
WorldTraceesField (bottom left): Keys are unrotated and averaged in canonical space, then re-rotated at
each slot's virtual position. WorldTraceeLandmark  (bottom right): Scene-entry landmarks store frozen
canonical keys and are re-rotated to the current virtual position.

directions. If the frames come from nearby timestamps, their rotation angles are close, so averaging largely
preserves the signal. If they come from distant timestamps, their angles can point in opposite directions and

partially cancel, weakening that frequency's contribution to the summary regardless of what it encoded. Naive
averaging in RoPE-rotated space thus corrupts the compressed memory.

The two failures are coupled.  Most prior methods x only one of the two: one line of work adjusts where

memories are placed, reparameterizing or capping o sets (e.g Block-relative [ , 1), while
another decideswhat each summary stores, whether by smoothing past keys with dual-rate EMA [ ,
], merging them by temporal averaging [ ) , , ], or evicting entries [

, , , , , ]. Addressable positions cannot help if compression cancels the
signal a summary should carry, and an informative summary cannot help if it sits at an out-of-distribution
position. Thus we need to keep compressed memory both addressable and informative once generation
exceeds the training window. For a video world model, this is precisely what visual persistence requires: as
an agent explores and later revisits a location, the cache must keep those distant scenes readable across long
detours (addressability) and retain enough of their content to regenerate them faithfully (informativeness).
Our WorldTrace s built to satisfy both, which is what lets a generated world stay consistent over long,
interactive rollouts.

3 WorldTrace

We proposeWorldTrace , atraining-free approach for addressable memory in autoregressive video world
models. WorldTrace maintains a bounded trace of distant history in xed summary slots via canonical-space
key assignment, while keeping each slotaddressabléSec. 3.1). We formulate this cached memory compression
for visual persistence as structured sparse attention (Sec. 3.2, App. B). BottWorldTracesField (Sec. 3.3)
and WorldTraceeLandmark (Sec. 3.4) are its two variants, for temporal coherence and episodic recall,
respectively.

3.1 Virtual Position Assignment: WorldTrace  Slot Indexing

Cache structure. As shown in , we partition the local attention window L a4, into a recent window
R of N; verbatim latent frames and a summary cache S of Ng slots storing compressed history, so that
Ns+ Ny = Lagn -

Given this cache structure, the remaining question is how to position each summary slot relative to the query. A
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memory position scheme assigns a virtual position to summary slots for a query at timestamp @; to be usable
by the attention mechanism, it should satisfy four properties: (i) linearity in g and s for a simple predictable
mapping, (i) in-distribution positions so the model can attend, (iii) horizon-stability so virtual positions stay
in-distribution at any generation length, and (iv) distinct positions for each slot so attention can tell them apart.
Summary slot positions must stay within the range seen during training:

thi, =max 0; g train 5 tmax = 0 Ni: (1)

The position of each summary slot is assigned as follows:
Denition 1 (WorldTrace Slot Indexing). Given current query position g, local attention window L g,
(= Ng + N;), and summary cache sizeNg, the virtual position of summary slot s is:

tt = q (Lan 1 8); s=0;:::;Ng 1t 2)

The assignment covers the in-distribution range with xed slot-rank o sets relative to the current frame. By
construction, ty 2 [t¥,; thax] at @any generation length, o sets depend only on slot rank and g, and, importantly,
not the absolute horizon N .
Remark 1 (Block-relative collapse). Block-relative positions [ , ] cap all KV-cache o sets at
train (Sec. 2.1). As generation grows, summary slots spanning history beyont,,i, steps back all share the same
minimum virtual position tY;, , making the compressed slots positionally indistinguishable. OWorldTrace slot
indexing (Def. 1) avoids this by anchoring each virtual position to slot ranky=q (Lawn 1 S), where the o set
(Latn 1 s)is xed by slot rank alone, so allNg slots remain distinct at any generation horizor .

Why canonical keys. Each slot's virtual position t¢ is set by slot rank (Def. 1), independently of the original
timestamps ft,, g of its source frames, so the slot-rank assignment can place; far from any ty. Placing
compressed content atty therefore requires a two-step operation: rst unrotate each key to remove its original
RoPE rotation, then re-rotate to the target phase atty. Writing directly in the RoPE-rotated domain fails for
two reasons. First, keys from di erent timestamps each carry a distinct rotation R( yty,); combining them
without rst removing those rotations causes contributions at each frequency to point in di erent directions,
partially canceling the signal the compression should preserve. Second, even if one avoids phase cancellation,
the compressed key would still carry the phase of the source timestamps rather than the required phase
of t{, making it misaligned with the virtual position the attention mechanism expects. Operating in the
canonical (unrotated) domain resolves both issues: unrotating each key removes its timestamp-speci c rotation,
compression then acts on content-only vectors without phase misalignment, and re-rotation att{ encodes the
position needed for the assigned slot rank.

With addressable summary slots, the remaining design choice is thecontent writer. Both WorldTrace
variants use the same canonical (un-rotated) key domain. Sec. formalizes the writer as structured sparse
attention, and we instantiate the two row structures in Sec. and Sec.

3.2 Memory Compression as Structured Sparse Attention

With slot positions xed, the remaining choice is what to store in each slot. We view this memory compression
as structured sparse attention: it replaces full attention over all Ty past frames with a xed- L structured sparse
pattern, where each of the L 54, cache slots summarizes a segment of the full history. The slot's compressed
key is PiK () rotated to the slot's virtual position, where P 2 R- To¢ s the projection matrix. The recent
window uses verbatim identity rows for the last N, frames, and the Ns summary rows carry the compression
policy (Fig. 6, App. B).

Projection view.  Attending over all T,y past frames would produce a softmax-weighted combination of
their values, with weights 42 1, determined by query-key similarity. WorldTrace replaces this with
projected attention over L compressed keys: rowi of P de nes which past frames contribute to compressed
keyi, given by I = P K,(nk). Re-encoding each compressed key at keeps the approximation in-distribution
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at any horizon. The approximation error decomposes intodistribution mismatch between the true attention
weights 4 and the weights induced by the compressed cache (Prop. 1, App. B). The choice d? therefore
determines which parts of history are preserved under a xed slot budget.

NMF connection.  Treating the projection weights as free variables turns aggregate distribution mismatch into
a nonnegative matrix factorization (NMF) problem [ , ]: uniform-partition rows correspond

to cluster-mean compressed keys\WorldTracesField ), while 0/1 rows correspond to medoid-style token
selection (WorldTracesLandmark ). Atinference, softmax coupling re-ties the projection weights to the
compressed keys. The relaxed NMF view nonetheless clari es why the two row structures arise and when each
is close to optimal. We provide full derivations and optimality statements in App.

3.3 WorldTracee«Field : Canonical Key Averaging

WorldTraceesField targets temporal coherence, not episodic recall. It compresses distant history into
rotation-invariant slot traces by averaging all frames in each summary slot and cannot recover a speci ¢ past
scene. To avoid the phase-cancellation failure of Sec. 2.2, we x the compression domain by aligning all source
keys to a shared phase before averaging, i.e., the canonical (unrotated) representation. The operator is:

De nition 2 (Canonical Key Averaging WorldTraceesField operator)). For each temporal head-dimension
pair k, the compressed key at virtual positiont” is:

M

1 X
K () = ROt o RC tm) K{¥; ®3)

m=1
i.e. we unrotate each key to its canonical contentK ¥ = R(  «ktm) Kt(:)1 average in that space, and then
re-encode at virtual position t¥. Values are not rotated, as only keys carry ROPE. Slot values are computed as
the mean of the source-frame values assigned to the slot. The count is not a separate hyperparameter: all

Tog frames that have left the recent window are split into Ng contiguous temporal groups (oldest to newest,

slot s receives groups), giving M T,4=Ns per slot, a ratio that grows linearly with generation length N.
Remark 2 (Mean attention preservation, informal) . The compressed key from Def. 2 preserves the mean attention
score that the source keyK f:)gm -, would receive if each were reassigned the shared virtual positibnThis
guarantee is score-level only, as softmax prevents it from extending to attention weights. A formal statement is
in App. C (Prop. 2). We identify phase cancellation as the failure mode and show that this preservation property
holds.

3.4 WorldTraceeLandmark : Landmark Traces with Frozen Keys
To optimize for episodic recall, WorldTracesLandmark llsthe Nj slots with verbatim high-value past
frames rather than averaged summaries. This is akin to Landmark Attention | , ].

However, unlike token-level landmark insertion in trained transformers, our method uses scene-entry detection,
frozen canonical keys, and slot-rank virtual positions.

Landmark selection.  We identify recall-relevant frames using the canonical-K representation from Eq.(3) :
for each incoming frame, we compute the cosine distance between consecutive canonical-K signatures and
mark frames with a spike above threshold as scene-entry eventsWorldTraceesLandmark  llsthe Ng
summary slots with the most recent scene-entry frames verbatim: when fewer thanNs scene-entry events have
been detected, the remaining slots repeat the oldest available landmark. Once more thalNs scene-entry events
have been detected over a long rollout, the oldest is evicted to make room for the newest (FIFO over scene
entries). Virtual positions (Eq. (2)) apply unchanged. Each landmark frame inherits the slot-rank position of
its summary slot, not its absolute timestamp.

Frozen landmark keys.  Slots are ordered from oldest (s=0) to newest, so each new chunk shifts every cached
frame one slot toward the older end: a landmark frame at slot s at chunk n occupies slots 1 at chunk n+1.
Under standard summary updates, each shift unrotates the cached Key to its canonical form, then re-rotates it to
its new virtual position. Over many shifts, these unrotate-rerotate cycles accumulate oating-point errors. This
is exacerbated in practice by b oat16 precision, as shown by [ ]. WorldTracesLandmark
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removes this drift by freezing each selected key in canonical form: at landmark time, we store the canonical
key once and apply a single fresh rotation to the current virtual position at every subsequent shift:

K (K

land

t& = R(«tY) R( «t ) KY; @)

where t- is the original timestamp of the selected landmark frame. Compared to Eq.(3), the form is
identical (unrotate to canonical, re-rotate to virtual position), with M =1 and no averaging. The canonical key
R( «t ) K& is computed once at landmark time and reused across all subsequent shifts. The canonical-
caching mechanism is shared with concurrent work that stores RoPE keys canonically and rotates at attention
time (e.g MemRoPE [ , ]). WorldTraceeLandmark diersin (i) applying it selectively at
detected scene-entry events rather than to every cached key, and (ii) combining it with the slot-rank position
assignment, so each frozen landmark occupies a distinct in-distribution virtual position at any horizon.

Comparing the two variants. WorldTraceeField and WorldTraceeLandmark are two choices of
projection matrices that target di erent future query families. Under WorldTraceesField (Sec. 3.3), each
summary row uniformly averages keys over a disjoint temporal group, where the compressed key for groupgs

is the canonical meanK (%) 1. This is near-optimal when attention varies smoothly within each compressed
block: future queries care about group-level history, not individual frame identity (Eq. (6), App. B). Under
WorldTracesLandmark (Sec. 3.4), summary rows are one-hot selectors at detected scene-entry frames,
recovering a verbatim canonical keyP; K (= Kt(\k)s. This is near-optimal when recall queries concentrate on a
small set of salient past scenes (Eq(8), App. B). The two assumptions are incompatible in the failure cases we
study: averaging is e cient when attention is smooth, but destroys the token a return query needs. Verbatim
selection preserves episodic targets but wastes slots when coherence dominates.

3.5 Position-Content Coupling

As noted in Sec. 2, position assignment and content compression are coupled. Concretely, the virtual positions
assigned to summary slots can diverge from the o set regime under which their keys were compressed, so the
cached content may no longer match what the query attends to. Block-relative collapse makes compressed
entries e ectively unaddressable, reducing compression to sliding-window eviction once addressability collapses
(Rem. 1). Averaging position-conditioned keys under one o set distribution and querying them under another
changes the e ective phase of cached tokens, breaking the mean-attention preservation that motivates Def.

WorldTrace resolves this coupling: Def. 1 xes a consistent virtual positional regime, while Sec. and
Sec. absorb the source-to-virtual shift by unrotating keys to canonical space and re-encoding at slot-rank
positions (Eqg. (3), Eqg. (4)). Within this framework, the choice of slot content, whether averaged frames for
WorldTraceeField orfrozen landmarks for WorldTracesLandmark , becomes a content-only design
choice. We provide the detailed per-chunk cache-update algorithm in App.

4 Experiments

We organize our experiments around our three claims. (Q1, Sec. ) Is position, not content, the binding

constraint? (Q2, Sec. ) Does WorldTrace<Field improve coherenceover naive averaging and a
sliding-window cache? (Q3, Sec. 4.3) Can WorldTraceeLandmark improve episodic recalht extended
horizons?

4.1 Setup
Models. Our evaluation uses Matrix-Game-2 (MG2-1.3B) [ , ], a distilled 1.3B-parameter
autoregressive game world model based on Wan 1.3B T2V [ , ] with 3D-RoPE, training-time

KV-cache extentLysin = 6 AR blocks (F=3 latent frames per block), and a local attention window of 2
blocks, i.e. tyan +1=6 latent frames. We provide additional experiments for LingBot-World [ ,

]in App. E. We useNs=2=N, =4 for coherence (Sec. 4.2) andNs=4=N, =2 for episodic recall (Sec. 4.3)
(latent-frame slots; Ng + Ny = Ly, =6).
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Figure 3: Three LoopMem geometries. We propose LoopMem, a memory benchmarli)vyith diverse
geometries, including ABA (straight reversal), ABCA (approximate L-triangle with diagonal5 2 7), and
ABCDA (square).N is rollout length in AR chunks. Each path returns to scene A. We provide a full gallery of
edge-length, orientation, and multi-revisit settings in App. F (Fig. 9).

Metrics. Our evaluation focuses on two key aspects relevant to world models: the temporalcoherencef
generated outputs and the ability to correctly recall revisited locations. We evaluate coherencavith TempSSIM

(", SSIM [ , ] between consecutive decoded frames) and Local Scene Drift£, mean per-chunk
CLIP feature distance to the preceding chunk). Forrecall, we use Position-Aligned CLIP PAC ", CLIP-ViT-
H/14 [ , ] cosine similarity between geometrically paired return- and forward-leg frames in

loops). Full de nitions are in Tab. 18 (App. ).

Baselines. We compare against MG2's default sliding-window cache throughout, plus controlled variants that
isolate position assignment (Block-relative, Centroid-linear, WorldTrace ) and content compression (naive vs.

canonical averaging, Sec. 4.2, Sec. 4.4). Episodic recall compares three retention tiers (compression, canonical-K
anchoring via Latent re-anchor and verbatim landmarks) on LoopMem and in the PAC sweep (Tab. 3, Tab.
in App. ). MemRoOPE [ , ], YaRN [ , ], and Landmark+ Block-relative are

evaluated in App.

Benchmark. We introduce LoopMem, a memorybenchmark for scene revisits in AR world models. The

model traces waypoints before returning to a previously visited location, and the regenerated return frame

is scored against the original scene appearance at geometrically matched positions, requiring no external

reference. LoopMem organizes di culty along four axes: waypoint count ( K, Fig. 3), edge length (L), camera-

orientation closure, and multi-revisit depth ( R). The full benchmark gallery with all evaluated con gurations

is in Fig. 9 (App. F).

4.2 Coherence: WorldTrace+Field

Virtual Position Assignment. WorldTraceesField aver- Table 1: Position assignment. Canonical aver-

ages keys in the canonical domain, then assigns each averaged 29ing stays the same so that only positions vary.
. " o Values are TempSSIM ().

slot a virtual position, maintaining scene coherence under com-

pression. We compare it against canonical-K averaging variants Position Assignment ~ N=8 N=16
that apply this same key averaging but di er in position as- Block-relative 0.390 0.530
signments. Block-relative[ , ] clamps o sets Centroid-linear 0.377 0.479
beyond the training horizon, so distinct older slots collapse WorldTrace (ours) 0.413 0.545

onto a single capped position, whereasCentroid-linear positions

each slot by the average timestamp of the frames it summarizes, linearly mapped intdty,, ; tiax . SO slots
stay distinct but their positions shift as the rollout grows. Relative to the four position properties of Sec. ,
Centroid-linear satis es (i) linearity and (ii) in-distribution placement but violates (iii) horizon-stability, since

its virtual positions depend on N. Instead, our WorldTraceeField  assigns positions from slot rank alone,
so every summary slot stays in-distribution and individually addressable no matter how long the rollout runs.

With the same compression approach but di erent position assignment shows that compression helps only when
the summary slots remain addressable. With Block-relative positions, o sets beyond the training window receive
zero softmax weight under local attention mask, so canonical averaging reduces to a plain sliding-window cache.
Centroid-linear avoids this saturation by keeping positions within the attention mask, but its N -dependent
assignment shifts old summaries into positional regimes the model was not trained to use as the horizon grows.
Our WorldTrace instead assigns positions by slot rank alone and keeps summary slots in-distribution at all
horizons, outperforming Block-relative by +5:9% and +2 :8% TempSSIM and Centroid-linear by+9:5% and
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Figure 4: WorldTrace-Field at number of chunks N=48. Four KV-cache approaches conditioned
on the same initial image and camera trajectory, including three baselines (sliding window, Block-relative,
Centroid-linear) and WorldTraceeField (ours). Baseline approaches start drifting atn=18 (red border).
WorldTraceesField remains coherent across the horizon. Camera path plotted in Fig. 12 (App. G).

Table 2: WorldTraceeField achieves the highest TempSSIM at both horizons and the lowest Local
Drift. At N=32, WorldTraceeField has the highest TempSSIM (0:613) though centroid variants have
lower Drift. At N=48, WorldTracesField is best on both metrics.

N =32 N =48
Method TempSSIM"  Local Drift # TempSSIM" Local Drift #
Sliding window 0.571 0.0229 0.472 0.0305
Canonical averaging+ Block-relative 0.585 0.0215 0.530 0.0339
Canonical averaging+ Centroid-linear 0.573 0.0211 0.479 0.0297
WorldTraceeField (ours) 0.613 0.0250 0.545 0.0295

+13:8% at N=8 and N =16 (Tab. 1).

We show this qualitatively in Fig. 4: by n=18, the baselines drift from the initial scene context and generate inco-
herent geometry, while our WorldTraceeField stays coherent. We quantify it at two horizons (N =32;48)

in Tab. 2: with the same canonical averaging setting, atN=32, WorldTracee*Field achieves higher
TempSSIM (0:613vs. 0:571), whereas Centroid-linear reaches the lowest Drift but at 0:04 lower TempSSIM.
At N=48, WorldTraceesField is best onboth dimensions (+15:5% relative gain on TempSSIM, lowest
Drift), while a position assignment that depends on N (Centroid-linear: 0:479 ranks inconsistently across
horizons, as its slot indices shift out-of-distribution once N exceeds the training window. These results show
that horizon-independent position assignment is the bottleneck for long-horizon generation.

4.3 Episodic Recall: WorldTracesLandmark

While Sec. evaluatesWorldTraceeField onopen-ended rollouts, episodic recall asks whether the cache
can restore aspeci c past scene at revisit points. We therefore testWorldTracesLandmark (Sec. 3.4)

on LoopMem (Fig. 3, Sec. 4.1) and score each return frame against scene A at matched poses withAC.

Fig. 5 shows the qualitative e ect: the sliding-window baseline fails to reconstruct scene A at revisits, whereas

WorldTraceesLandmark matches it across all three geometries.

Tab. 3 evaluatesWorldTracesLandmark across four di culty tiers: topology (ABA, ABCA, ABCDA),
edge length(ABA at L 2f 4; 8;16g), camera-orientation (pan 90 /180 /360 with the agent xed at A), and
multi-revisit (ABABA, ABCBA, ABCDBA). All runs us&s=4, N, =2.

Across tiers,WorldTracesLandmark improves PAC over the sliding-window baseline in every reported
condition, with the largest relative gains when the KV gap to scene A is longest (Tier 2) and when multiple
waypoints separate departure and return (Tier 1). Tier 3 is the hardest setting, where gains shrink at a full
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Figure 5: LoopMem qualitative results on the three revisit geometries in Fig. 3 (ABA, ABCA, and ABCDA).
The sliding-window baseline fails to reconstruct scene A when revisiting.WorldTracesLandmark matches
scene A in all three, keeping memory addressable across waypoints.

Table 3: WorldTraceesLandmark improves episodic recall across topology, edge length, camera
orientation, and multi-revisit depth. Loop geometries and di culty axes are in Fig. 9 (App. F). Each tier
groups methods (rows) by loop con guration (columns), and entries are PAC / TempSSIM. N is rollout length
in AR chunks, andn=100 is the number of distinct initial scenes per condition (Tab. 6). Tier 4 (R=2, row 4 of
Fig. 9): ABABA revisits scene A, while ABCBA and ABCDBA revisit waypoint B on palindrome/shortcut paths.

Tier 1: varying topology
ABA (K=1,N=16) ABCA (K=2,N=17) ABCDA (K=3,N=16)

S|Id|ng window 0:723 0:013 / 0:761 G673 0:014 / 0:740 0666 o:013 | 0:748
WorldTraceesLandmark 0:864 ¢:000 / 0:786 0:792 ¢:011 / 0:758 0:799 ¢.011 / 0:771

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

Sliding window 0:859 ¢:007 / 0:780 0723 o:.013 / 0:761 0627 o013/ 0:771
WorldTraceeLandmark 0:922 0:004 / 0:789 0:864 0:009 / 0:786 0:825 0:009 / 0:787
Tier 3: camera-orientation @gent xed at A)

Pan90 (N=4) Pan180 (N=8) Pan 360 (N=8)
Sliding window 0:829 0:008 / 0:480 0671 0:014 / 0:458 0559 0:015 | 0:455
WorldTraceesLandmark 0:861 ¢:007 / 0:493 0:781 ¢.010 / 0:486 0:577 q.015 / 0:467
Tier 4: multi-revisit

ABABA (N =32) ABCBA (N =20) ABCDBA (N =20)
Slldlng window 0:892 0:004 | 0:765 0825 0:010 / 0:751 0842 0:010 / 0:758
WorldTraceesLandmark 0:941 o.00s / 0:789  0:863 ¢.009 / 0:771 0:876 o0:.000 / 0:775

360 pan, and Tier 4 shows a narrower margin on palindrome returns that revisit waypoint B before scene A.
At extended horizons, the PAC sweep (Tab. 12, App. ) shows only verbatim landmark recall sustains
PAC 0:99at N=256 (0:610for canonical-K anchoring). We provide further comparisons with MemRoPE and
YaRN, history-selection ablations, and slot-count sensitivity in App.

4.4 Ablation

We isolate two design axes. (1)Position assignment (WorldTrace vs. Block-relative vs. Centroid-linear):
holding the content operator xed and varying only positions isolates whether position, not content, is the
binding constraint for WorldTraceeField . (2) Canonical vs. naive key compression : canonical-domain
averaging avoids phase cancellation (Sec. 2.2). Its bene t surfaces on coherence (TempSSIM, LatentDi ) rather
than recall. We use the ABA recall protocol with a xed cache budget.

(1) Slot-rank positions keep summary slots addressable (Tab. 4). Canonical averaging with Block-relative
positions collapsesexactlyto the sliding-window baseline, meaning OOD o sets receive zero softmax weight.
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