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Abstract

Online 3D reconstruction requires estimating camera pose and scene geometry
under strict causal and bounded-memory constraints. Existing methods often suf-
fer from drift, jitter, or collapse on long sequences. We trace these failures to
a fundamental mismatch. Streaming geometry is inherently temporally hetero-
geneous, with evidence ranging from short-lived correspondences to persistent
global scale. However, current architectures impose uniform and pathological
influence patterns. For example, sliding windows enforce hard cutoffs, while
ungated recurrence and causal attention cause cache saturation and spike-like at-
tention sinks. To resolve this, we formalize geometric propagation as an evidence
influence kernel and propose HorizonStream, a long-horizon Transformer that
explicitly factorizes this kernel. For the long-range temporal factor, Geometric Lin-
ear Attention learns channel-wise decay rates to enable bounded, multi-timescale
propagation of geometric evidence. For the short-range spatial factor, Geomet-
ric Local Attention with Spatiotemporal RoPE performs reliable 3D matching
while suppressing attention sinks. Finally, Metric Readout Tokens recover stable
scale and rigid pose directly from the persistent geometric state. Extensive ex-
periments show that HorizonStream, trained on only 48-frame clips, generalizes
stably to sequences exceeding 10,000 frames with constant memory and linear
time, achieving state-of-the-art streaming 3D reconstruction performance. Project
Page: https://3dagentworld.github.io/horizonstream/

1 Introduction

Online 3D reconstruction from streaming video is a core capability for robotics, autonomous driving,
and embodied intelligence, requiring causal, bounded-memory estimation of camera pose and scene
geometry. Classical methods [30, 39, 4, 40, 8] maintain explicit geometric states, but rely on iterative
optimization and have limited throughput. Recent offline feed-forward methods [44, 19, 42, 32, 12,
57, 15, 7] achieve high accuracy, but use full attention and access future frames, violating online
causality.

Strictly causal streaming 3D reconstruction still degrades on long sequences [11]. Methods often
suffer from collapse, pose jitter, and scale instability. This occurs because existing architectures
organize history purely by recency.

However, recency is a poor proxy for geometric relevance in 3D, as streaming geometry is inherently
temporally heterogeneous. Recent evidence may already be invalid, while older evidence can remain
reliable. Therefore, we view the reconstruction process as aggregating diverse types of geometric
evidence. This evidence has vastly different lifetimes. For example, local 2D-3D correspondences
are short-lived, which quickly become invalid due to motion. In contrast, global scale and scene
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Figure 1: Geometric evidence in�uence patterns on KITTI and long-sequence scaling on VBR. Prior
streaming methods impose hard cutoffs, refresh discontinuities, heavy-tailed states, or spiky KV
caches, leading to pose degradation, jitter, or collapse. HorizonStream learns a bounded multi-scale
kernel with an O(1) recurrent geometric state and maintains stable ATE up to 10K frames.

structures are persistent, which must remain reliable over long horizons. Yet, existing architectures
impose a uniform propagation rule on all evidence. The key question is: how can we apply the correct
temporal in�uence range for each type of geometric evidence?

To answer this, we further formalize the temporal propagation of geometric information through
an evidence in�uence kernel. We de�ne this kernel as a spatio-temporal weight function, which
determines how much past geometric evidence should in�uence the current reconstruction state.
Under this formulation, we �nd that existing methods inadvertently induce pathological kernels, as
shown in Fig. 1. Sliding windows [18, 61] impose a hard-cutoff box kernel, which may prematurely
discard useful past evidence. Refresh mechanisms [11, 9] create blockwise discontinuous kernels.
Causal softmax attention [5] degenerates into spike-like attention sinks, which focus on irrelevant early
tokens. Ungated recurrence [6, 43] forms a heavy-tailed kernel with unbounded error accumulation.
As sequences grow longer, these pathological kernels are repeatedly ampli�ed. This causes cache
saturation, early-token dominance, and severe geometric drift.

Consequently, current geometric transformer memory designs occupy two extremes of a retention
spectrum. Sliding windows force immediate forgetting. Full-attention methods retain everything
permanently. Both extremes lack a bounded, �exible temporal form. Instead, a proper approach
should learn continuous retention rates tailored to each geometric channel.

To this end, we propose HorizonStream, a long-horizon Transformer that explicitly instantiates this
kernel factorization. For the long-range temporal factor, Geometric Linear Attention maintains a
boundedO(1) recurrent state derived from a discounted geometric objective. By learning channel-
wise exponential decay rates, it enables stable multi-timescale evidence propagation across windows.
For the short-range spatial factor, Geometric Local Attention performs 3D content matching within
the local window. It uses head-wise reliability gates to �lter noisy correspondences and suppress
attention sinks, while spatiotemporal RoPE provides relative 3D space-time position bias. Finally,
to satisfy the metric invariance constraint, Metric Readout Tokens (MRT) and relative pose fusion
recover stable scale and rigid pose directly from the high-retention subspace of the propagated state.

Since the proposed kernel is local and bounded, it de�nes a sequence-length-independent propagation
rule that can be repeatedly applied to arbitrary-length streams. Experiments on multiple datasets
show that HorizonStream, trained on only 48-frame clips, generalizes stably to tens of thousands of
frames without pose degradation and outperforms all streaming 3D reconstruction methods.

Our contributions are:

• We formalize streaming 3D reconstruction via a geometric evidence in�uence kernel. This view uni-
�es common long-sequence failures as pathological kernel shapes, i.e., hard cutoffs, discontinuities,
attention sinks, and cache saturation.

• We propose HorizonStream, a constrained kernel-decomposition architecture. Geometric Linear
Attention provides bounded multi-timescale propagation across windows; Geometric Local Atten-
tion with Spatiotemporal RoPE enables content-aware 3D matching within windows; MRT with
relative pose fusion preserves metric scale and rigid pose.

• Experiments on multiple datasets show that HorizonStream, trained only with 48-frame batches,
generalizes to sequences over10;000frames with constant memory and linear time, achieving
state-of-the-art streaming 3D reconstruction performance.

2



Figure 2: Visualization of long-range streaming 3D reconstruction across diverse scenes. Our
method maintains stable trajectories and coherent geometry over sequences ranging from hundreds to
thousands of frames in outdoor, indoor, and game environments.

2 Related Work

Of�ine feed-forward 3D reconstruction. DUSt3R [44, 54] and MASt3R [19, 10] predict dense
geometry from image pairs. This paradigm extends to sequences via spatial memory in Spann3R
and MonST3R [41, 56], and to arbitrary image collections with a geometry-aware Transformer in
VGGT [42]. FastVGGT [32] reduces inference memory by reusing attention maps. VGGT-Long [12]
and LoGeR [57] scale to longer inputs through chunk-wise processing or accumulated weights.
However, they usually rely on full attention within chunks and chunk stitching lacks cross-chunk
dependency, causing temporal discontinuities.

Online feed-forward 3D reconstruction. Recent methods adapt feed-forward reconstruction to
causal streams. STream3R and StreamVGGT [18, 61] use causal masks and sliding-window attention,
retaining only local-window context. CUT3R and TTT3R [43, 6] add persistent recurrent states,
Point3R [48] maintains spatial pointer memory, In�niteVGGT [55] prunes the KV cache, and
Lingbot-map [5] extends context with keyframe memory. These designs enable cross-window
information transfer but rely on �xed or write-only temporal mechanisms and still suffer from jitter,
pose degradation, and disordered geometry on long sequences.

LongStream [11] attributes long-sequence degradation to attention sink and state saturation [50, 14],
but its periodic cache refresh discards accumulated context at each boundary, weakening long-range
revisit.

Therefore, we argue that a better online 3D reconstruction pipeline requires a bounded and multi-
timescale control over geometric evidence in�uence. HorizonStream learns channel-wise propagation
scales to preserve useful long-range geometry and down-weight stale evidence without cache reset.

3 Method

Overview. Fig. 3 shows the HorizonStream framework. The model processes the most recent
W frames causally and maintains anO(1) geometric state for cross-window structure and scale.
Geometric Local Attention with Spatiotemporal RoPE handles within-window matching, Geometric
Linear Attention performs cross-window propagation, and Metric Readout Tokens recover scale.

3.1 Problem Formulation

Given an RGB video, streaming 3D reconstruction predicts poseT̂ t 2 SE(3) and dense deptĥD t
online from past observations and a bounded state. We describe how past evidence affects the current
reconstruction with a geometric evidence in�uence kernelK(t; i) , which maps evidence at timei to
its contribution at time t.

A valid geometric evidence in�uence kernel must solve three core problems: 1) select reliable local
correspondences based on spatial content, 2) ensure bounded multi-timescale propagation to prevent
state accumulation while respecting diverse evidence lifetimes, and 3) preserve scale and rigid pose.
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Figure 3: Overview of HorizonStream. Given an RGB stream, the model causally processes the most
recentW frames. Geometric Local Attention handles local matching, Geometric Linear Attention
propagates long-range geometry with anO(1) recurrent geometric state, and Metric Readout Tokens
recover stable scale and pose. An optional loop-closure module re�nes the trajectory.

To systematically address these requirements, we decouple the in�uence mechanism into a spatio-
temporal kernel factorization augmented by a metric readout. We factorize the kernel as:

K(t; i) = K spatial (t; i) � K time (t; i): (1)

This factorization explicitly maps the three problems to dedicated computational components. First,
K spatial addresses spatial content-awareness (Problem 1). It uses image content and 3D proximity to
select reliable short-range evidence. Second,K time addresses bounded multi-timescale propagation
(Problem 2). It uses channel-wise exponential decay to keep long-range in�uence bounded while
allowing different geometric channels to propagate over distinct temporal horizons. Finally, Metric
Readout Tokens operate on the high-retention channels of this kernel to recover stable scale and rigid
pose (Problem 3).

Together, these components form a complete, strictly causal streaming architecture. We now detail
how this theoretical framework is instantiated into our network architecture. Section 3.2 introduces
Geometric Linear Attention to model the temporal factorK time . Section 3.3 introduces Geometric
Local Attention to model the spatial factorK spatial . Analysis of why open-form operators fail these
constraints is provided in Appendix A and B.

3.2 Geometric Linear Attention

The long-range temporal factor functions as an online geometric estimator over key-value encoded
geometric evidence, including correspondence, motion, structure, and scale cues. It summarizes
this evidence in a bounded cross-window state, revises stale information, and preserves long-lived
geometry. We formulate this through a discounted geometric state-estimation objective:

J t (S) =
tX

i=1

� tY

j=i+1


 j

�
kS> k i � v i k2

2; K time (t; i) =
tY

j=i+1


 j : (2)

Here,S 2 Rd�d is the recurrent geometric state. The vectorsk i andv i are the key and value encoding
the geometric evidence at timei . The variable
 acts as a learned gating factor for information
retention. Speci�cally,
 t denotes the retention rate at time indext, and
 j represents the intermediate
retention rate at a speci�c stepj within the cumulative product. With
 t � 1 , evidence never
decays. This causes heavy-tailed accumulation and state contamination. With�
 = sup t j
 t j < 1 , the
in�uence of stale evidence is strictly bounded:






 q>

t

� tY

j=1


 j

�
S0






 � kq t k � kS0kF � �
 t ! 0: (3)
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In this bound,qt is the query vector at timet, andS0 is the initial state. The termk � kF denotes the
Frobenius norm. Thus, discounting closes the open-form temporal in�uence that causes unbounded
accumulation.

Online state update. The objective admits the recursive form

J t (S) = 
 t J t�1 (S) + kS > k t � v t k2
2: (4)

This principle yields a �xed-state attention update:

St = 
 t St�1 + �(k t )~v >
t ; ot = q >

t St : (5)

HereSt 2 Rd�d summarizes cross-window reconstruction evidence,�(k t ) maps keys into the linear
attention feature space, and~v t denotes the value update written into the state.

Channel-wise geometric retention. The scalar retention factor
 t assigns a single lifetime to all
evidence, which is insuf�cient for streaming geometry: local correspondences are short-lived, motion
cues persist over moderate horizons, scene structure should survive across windows, and metric
scale must remain stable over long sequences. We therefore replace
 t with a channel-wise retention
vector:


 t = �(W 
 x t + b 
 ) 2 (0; 1) d; St = diag(
 t )St�1 + �(k t )~v >
t : (6)

Each channel c then has its own temporal in�uence factor and effective retention horizon:

K (c)
time (t; i) =

tY

j=i+1


 (c)
j ; � (c) = �

1
log �
 (c)

: (7)

Low-
 channels rapidly revise transient correspondence evidence, while high-
 channels preserve
long-lived structure and metric cues. The learned
 spectrum thus de�nes a family of geometric
evidence in�uence horizons.

Relation to TTT and linear attention. Eq. (6) admits an online-learning interpretation: the state
adapts to incoming geometric evidence, similar to Test-Time Training (TTT). Explicit per-frame
TTT optimization is costly for ultra-long streams, while TTT with KV binding admits an equivalent
linear-attention form [23]. This links online adaptation to ef�cient recurrent attention and places our
update within the family of gated linear attention mechanisms [16, 51, 58].

HorizonStream achieves this online recurrent form through a geometric stateSt and channel-wise
retention
 t : St summarizes cross-window reconstruction evidence, while
 t controls the temporal
in�uence of each geometric channel. This yields an adaptive, ef�cient, and bounded recurrent update
for long-range geometric propagation. Appendix A analyzes the long-sequence degradation of causal
softmax attention and ungated recurrence.

3.3 Geometric Local Attention

Geometric Linear Attention propagates compressed cross-window evidence, but accurate local
reconstruction still requires �ne-grained correspondences within each window. We instantiate the
short-range spatial factorK spatial with Geometric Local Attention, which selects local evidence using
image content and relative 3D layout before it enters the long-range state.

Head-wise output gating. To make the spatial kernel robust to sink-like concentration and noisy
matches, we assign each attention head a reliability gate [27]. For head h,

gh = �(W g �x + b g); ~yh = gh � y h ; (8)

where�x is the mean-pooled window feature,yh is the head output,� is the sigmoid function, and
W g; bg are learnable projection parameters. The gate downweights unreliable heads and preserves
heads that support local matching.

Spatiotemporal RoPE. We extend RoPE [36] to three axes (time, height, and width) to encode relative
spatiotemporal layout. For a patch at framet and spatial location(y; x) , we set� = (t+1; y+1; x+1) ,
split query and key vectors into three parts, and rotate each part along one axis. This makes attention
depend on relative space-time offsets. We periodically reset the temporal index to avoid unbounded
positional growth, while MRT and pose tokens use� = (0; 0; 0) . Together, gating controls head
reliability and Spatiotemporal RoPE supplies relative geometric structure.
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Figure 4: Qualitative comparison on long-sequence 3D reconstruction. As sequence length grows,
existing methods show pose degradation, drift, or collapse. Lingbot-map exhibits progressively
stronger pose jitter over longer rollouts, while HorizonStream maintains stable pose estimation.

Metric Readout Tokens (MRT) and relative pose fusion. Long streaming reconstruction requires
metric scale and pose to remain consistent across windows. Inspired by scale-token and metric-
prediction designs [11, 17], MRT participates in Geometric Linear Attention and reads metric scale
from high-retention channels of the recurrent geometric state, extending metric readout from local
context to sequence-level evidence.

Each frame includes a learned Metric Readout Tokenzmetric . A scale head predictŝs =
exp

�
g(zmetric )

�
, which rescales translation and depth:

t̂ = ŝ � t̂ raw ; D̂ = ŝ � D̂ raw : (9)

For pose, we use relative pose fusion over pose tokens in the local window. A transformer head jointly
attends to these tokens and estimates a consensus relative pose for the current frame with respect to
the window context. This avoids relying on sequential keyframe chaining [11], where composition
errors accumulate over long rollouts. Depth is produced by a DPT head with scale injection.

3.4 Architecture

Backbone. HorizonStream uses a ViT-L backbone initialized from VGGT [42] and DINOv2 [26].
Each frame contains image patch tokens, pose tokens, and a Metric Readout Token. The backbone
alternates frame blocks and global blocks: frame blocks perform intra-frame self-attention, while
global blocks adopt a hybrid temporal design that combines Geometric Local Attention for dense
intra-window tracking with Geometric Linear Attention layers interleaved at speci�c depths for
cross-window memory updates.

Training objective. The model is supervised with pose, depth, and scale losses:

L = � pose L pose + � depth L depth + � scale L scale : (10)

Translation and depth are normalized by geometric scale factors. Depth loss is SmoothL1 with
con�dence weighting. Scale loss applies only on metric-scale samples.

Loop closure. To correct long-term accumulated drift during inference, an optional loop-closure
module improves global revisit consistency. Inspired by VGGT-Long [12], we retrieve revisited
frame pairs from stored early-layer DINOv2 features. The retrieved candidates are re-fed into the
network to estimate local geometric corrections. These are then converted into loop constraints to
optimize the �nal global trajectory via pose graph optimization.

4 Experiments

4.1 Experimental Setup

Datasets. We evaluate on KITTI [13], vKITTI2 [ 3], Oxford Spires [38], ScanNet++ [53], TUM
RGB-D [35], Waymo Open [37], VBR [2], ETH3D [31], and 7Scenes [33]. All sequences are
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