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Figure 1. Streaming Autoregressive Model Comparison for Metric-Scale Scene Reconstruction. Existing streaming models (e.g.,
Stream3R [1], StreamVGGT [2]) collapse within tens of meters, suffering from extrapolation errors. In contrast, our proposed LongStream
delivers stable, kilometer-scale reconstruction. Its gauge-decoupled formulation and cache-consistent training preserve metric accuracy
and geometric stability, sustaining 18 FPS performance across multi-kilometer sequences.

Abstract

Long-sequence streaming 3D reconstruction remains a sig-
nificant open challenge. Existing autoregressive models
often fail when processing long sequences because they
anchor poses to the first frame, leading to attention de-
cay, scale drift, and extrapolation errors. We introduce
LongStream, a novel gauge-decoupled streaming visual ge-
ometry model for metric-scale scene reconstruction across
thousands of frames under a strictly online, future-invisible

setting. Our approach is threefold. First, we discard
the first-frame anchor and predict keyframe-relative poses.
This reformulates long-range extrapolation into a constant-
difficulty local task. Second, we introduce orthogonal scale
learning. This method fully disentangles geometry from
scale estimation to suppress drift. Finally, we identify at-
tention bias issues in Transformers, including attention-sink
reliance and long-term KV-cache saturation. We propose
cache-consistent training combined with periodic cache
refresh. This approach suppresses attention biases and
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contamination over ultra-long sequences and reduces the
gap between training and inference. Experiments show
that LongStream achieves state-of-the-art performance, en-
abling stable, metric-scale reconstruction over kilometer-
scale sequences at 18 FPS. Project Page: https://
3dagentworld.github.io/longstream/

1. Introduction
Geometry reconstruction, the joint estimation of camera
poses and dense 3D structure from image sequences [3–
8], is a cornerstone technology for applications like au-
tonomous driving, AR/VR, and embodied robotics [9, 10].
These domains demand systems that can robustly process
long-sequence video streams in real time.

Conventional pipelines [3, 4, 6, 11, 12] and recent
Transformer-based approaches [13–18] achieve state-of-
the-art accuracy, but are inherently offline. They require re-
processing the entire sequence to integrate a new frame [1,
2], leading to massive computational redundancy and pre-
cluding real-time use. To address this, streaming models
have been proposed. Recent works such as STream3R [1]
and StreamVGGT [2] employ causal Transformers and KV-
caching to build reconstructions incrementally. However,
these models suffer from catastrophic extrapolation failure
when processing long sequences. As shown in Figures 1
and 2, existing streaming methods incrementally recon-
struct scenes in linear time, but their trajectories collapse
within tens of meters, leading to complete tracking failure.

We argue that this failure stems from the “gauge-
coupled” design inherent in current models. They are an-
chored to the first-frame coordinate system and trained to
regress absolute poses. This forces the model to learn a
position-fixed mapping, making long-sequence prediction
increasingly difficult. Due to hardware constraints, the
model only sees small indices in a training batch, making it
difficult to extrapolate reliably to large indices at inference.
As a result, a domain gap emerges under the “train-short,
test-long” bias [19, 20].

To this end, we propose LongStream, a “gauge-
decoupled” streaming autoregressive geometry framework.
The framework theoretically decouples the gauge freedoms
of global SE(3) coordinates and metric scale.

First, to handle coordinate gauge over long sequences,
we remove the fixed first-frame anchor. Instead, we regress
keyframe-relative poses. This reformulates the ill-posed
long-range extrapolation problem into a constant-difficulty
local estimation task. As a result, the predictions become
invariant to the global coordinate choice.

Second, to tackle Sim(3) scale drift, we introduce an or-
thogonal scale learning mechanism [21]. We decouple ge-
ometry learning from metric scale estimation at the objec-
tive level. The geometry branch optimizes shape in a scale-

Figure 2. Memory and runtime comparison. Our method keeps
memory and latency stable, whereas VGGT and FastVGGT grow
rapidly and hit OOM on long sequences.

invariant space, while a dedicated scale head independently
predicts the global scale factor. This effectively reduces
scale entanglement and ensures stable metric outputs.

Beyond this gauge-decoupled formulation, the stream-
ing Transformer architecture itself presents challenges. We
identify that attention sink [22], i.e., its biased dependence
on the first-frame token, and long-term KV-cache contam-
ination are primary causes of temporal degradation and
drift. To address this, we propose a cache-consistent train-
ing scheme. It aligns training and inference contexts by ex-
plicitly passing and trimming the cache during training. We
further introduce a periodic cache refresh approach, which
marginalizes stale context, mitigates long-term memory sat-
uration, and stabilizes geometry.

Experiments on both outdoor (KITTI, vKITTI, Waymo)
and indoor (TUM-RGBD, ETH3D, 7Scenes) datasets show
that LongStream achieves state-of-the-art streaming recon-
struction. It enables real-time (18 FPS), metric-scale AR
reconstruction over kilometer-scale sequences. Our contri-
butions are summarized as follows:
• We propose LongStream, a streaming geometry founda-

tion model centered on a “gauge-decoupled” design. It
predicts keyframe-relative poses and employs orthogonal
scale decoupling. This design systematically eliminates
first-frame anchor dependence and effectively mitigates
failures in long-sequence extrapolation.

• We identify attention-sink reliance and KV-cache con-
tamination as the primary causes of long-horizon degra-
dation. Our cache-consistent training scheme and peri-
odic cache refresh stabilize temporal attention and reduce
geometric drift.

• Experiments across indoor and outdoor benchmarks show
that LongStream achieves state-of-the-art performance
under a strictly online, future-invisible setting, while
maintaining real-time throughput and stable metric scale
on long sequences.

2. Related Work
Classical SfM and MVS. Structure-from-Motion (SfM)
and Multi-View Stereo (MVS) pipelines [3–6, 11, 23, 24]
reconstruct 3D scenes by modeling geometric relations be-
tween image correspondences. SfM estimates camera poses
and sparse structure via feature matching and bundle ad-

273



Input

Scale Head

Frame 1

Frame 2

Frame 3…

Keyframe Camera Token

Normal Camera Token

Scale TokenImage Token

KV Cache &
Train–Inference Consistent

Causal Attention

…

𝐹!"# 𝐹#

T#←!

…
𝐹!𝐹% 𝐹# 𝐹%

T%←!

Keyframe-Relative Pose Head

T!←!"#

Depth Head

Pointmap Head

𝐹!

𝐹!&#
…

𝐹#

𝐹%

Evicted

Evicted

Cached

Train	&	Inference

Figure 3. Overview of our proposed LongStream. Given streaming inputs, patch tokens are extracted by a ViT encoder and augmented
with keyframe, normal-frame, and scale tokens. Tokens are fused via causal attention with a shared KV cache, which is consistently
used in both training and inference for cache-consistent streaming modeling. The network predicts keyframe-relative poses Ti←k, depth,
pointmap, and global scale, enabling stable metric-scale reconstruction over long sequences.

justment [3, 4], while MVS densifies them with pixel-
wise depth from plane sweeping or cost volumes [5, 6,
11, 23, 24]. Despite high accuracy and interpretability,
these optimization-heavy pipelines with handcrafted fea-
tures scale poorly to large or dynamic scenes and are dif-
ficult to deploy in real time.

Offline 3D reconstruction. Early end-to-end methods are
mainly trained on image pairs [25–28]. Pointmaps of-
fer efficient computation and real-time usage compared to
voxel, mesh, or implicit fields [29–33], enabling SLAM
and neural rendering [34–38]. DUSt3R [13] regresses
pointmaps and relative pose from two images without in-
trinsics, but remains pairwise and requires global alignment.
MASt3R [14] adds dense features and reciprocal matching
to improve calibration and matching robustness, yet oper-
ates on pairs and needs costly fusion for multi-view scenes.
VGGT [15] predicts poses, depth, pointmaps, and tracks
from multi-view inputs in a single feed-forward pass, but
relies on a fixed reference frame and absolute pose supervi-
sion, causing reference and scale biases. π3 [16] removes
reference-view bias via permutation-equivariant design and
predicts local pointmaps, but outputs remain ambiguous up
to a global similarity transform and lack metric scale.

Streaming 3D reconstruction. Streaming methods up-
date geometry frame by frame. Classical monocular SLAM
and learning-based variants [39–44] incrementally recover
structure and motion. CUT3R [45] maintains a recur-
rent state to output metric pointmaps online, but its RNN
backbone struggles with long-term dependencies and de-
grades on long sequences. Stream3R [1] adopts a causal
Transformer with a KV cache, scaling to long streams
but suffering attention collapse as cached tokens dominate.

StreamVGGT [2] adds temporal causal attention and cache
updates, with distillation improving consistency, yet long-
horizon stability remains difficult due to cache contami-
nation. Overall, existing streaming methods degrade no-
ticeably as sequences grow and fail to generalize to much
longer streams.

3. Methodology
3.1. Overall
We propose LongStream, a gauge-decoupled streaming ge-
ometry framework that jointly predicts pose, depth, and
scale within a unified spatiotemporal Transformer, as shown
in Figure 3. A ViT encoder produces patch tokens aug-
mented with Camera, Register, and Scale tokens to distin-
guish keyframe roles. These tokens are fused by a causal
aggregator with a shared KV cache, enabling long-sequence
streaming inference. For each frame, the model predicts
a keyframe-relative pose Ti←k, depth, a pointmap, and a
global scale s. Training and inference use the same lay-
out, ensuring gauge-decoupled and stable metric-scale re-
construction. We next detail the components of the design.

3.2. Gauge-Decoupled Formulation
We aim to overcome the limitations of existing streaming
models that rely on gauge-coupled designs. We argue that a
robust geometric learning system must remain theoretically
invariant to the gauge freedoms, namely arbitrary global co-
ordinates and metric scale. To this end, we propose a frame-
work that systematically separates the SE(3) and Sim(3)
degrees of freedom.

In the SE(3) gauge, we discard absolute pose regression
and redefine pose learning as gauge-invariant [46, 47] rela-
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tive pose estimation. The learning objective becomes:

Ti←k = Ti ◦T−1k , (1)

where Ti and Tk denote world-to-camera absolute poses
and the k-th frame is the preceding keyframe. This formu-
lation is mathematically gauge-invariant under any world-
frame reparameterization S ∈ SE(3). The decoupling
design achieves two goals simultaneously: it transforms
an out-of-distribution long-range extrapolation problem,
caused by large indices [1, 2], into a constant-difficulty
in-distribution local task with bounded index gap (i − k);
and it mitigates the fixed-anchor bias that contributes to in-
stability in first-frame–anchored causal models.

In the Sim(3) gauge, we address chaotic scale entangle-
ment with the scale-invariant (SI-Log) philosophy [21]. We
use an orthogonal scale learning mechanism, where we sep-
arate geometry learning and metric scale estimation at both
the architectural and objective levels. The geometry branch
is normalized and supervised with scale-invariant princi-
ples [21]. A dedicated scale head then predicts the global
scale factor s.

3.3. Network Architecture
Given input images Ii, the model predicts, for each frame
i, its relative pose with respect to the reference keyframe
k, pi←k = [ti←k, qi←k, fi←k], where t is translation, q
a unit quaternion, and f a focal-length offset. The model
also outputs the depth map Di, the corresponding world-
coordinate point cloud Xi, a global scale factor s, and the
frame representation hi:

{hi,pi←k, Di, Xi, s} = Fθ(Ii), i = 1, . . . , S. (2)

where hi denotes the frame-level feature representation.
Following the architecture of VGGT-style streaming

models [1, 2, 15], the architecture consists of a DINOv2-
based [48] tokenizer, a causal Transformer aggregator, and
task-specific heads for relative pose, depth, pointmap, and
scale. Geometry is modeled in a keyframe-relative manner:
each frame predicts its pose and pointmap with respect to
the current keyframe k, enabling streaming reconstruction
without reliance on a fixed first-frame coordinate frame.

For each frame Ii, the tokenizer extracts patch fea-
tures xp

i ∈ RP×C and augments them with camera to-
ken and register tokens, with distinct tokens for keyframes
and non-keyframes. A shared Scale Token is added for
Sim(3) decoupling. All tokens are concatenated into H(0) ∈
RB×S×(P+T )×C and processed by a stack of Transformer
blocks with alternating intra-frame and global attention un-
der a strictly causal mask:

H(l+1) = Block(l)(H(l),AttnMask), (3)

with outputs fed into the pose, depth, and pointmap heads
for iterative refinement.

Relative pose head. It takes both frame and keyframe fea-
tures from the aggregator and explicitly predicts the relative
transformation Ti←k of the current frame i with respect to
its reference keyframe k:

pi←k = [ti←k,qi←k, fi←k], (4)

where the translation ti←k ∈ R3, rotation qi←k ∈ H (unit
quaternion), and focal offset fi←k ∈ R2 jointly form the
relative camera pose:

Ti←k = TiT
−1
k . (5)

This definition remains invariant under any right-
multiplicative transformation of the world coordinate
frame, thereby removing the dependency on a fixed world
anchor.

To ensure that the model learns only the relative relation-
ship between (i, k), we adopt a reference-aware attention
scheme. For a non-keyframe i assigned to keyframe k, its
tokens attend only to tokens from k and from frames be-
tween k and i under the causal or window mask. Keyframe
tokens, in turn, attend only to tokens from the previous
keyframe k−1 and from frames between k−1 and k, rather
than to the entire history. After aggregation, we fuse the
pose tokens of the current frame and its reference keyframe
via concatenation and a linear projection:

hfused = Proj([hi,h
′
k]). (6)

Finally, following the design of RAFT [49], the head em-
ploys an AdaLN-modulated Transformer to iteratively pre-
dict the relative pose prel = [t,q, f ] through incremental
updates p(t+1) = p(t) +∆p(t).
Scale head. To achieve Sim(3) gauge invariance, we de-
sign an explicit scale head that receives a dedicated Scale
Token, which is similar to the scale token idea in concur-
rent work MapAnything [50]. It predicts an unconstrained
log-scale variable xs ∈ R, which is then exponentiated to
obtain a strictly positive scale factor:

s = exp(w⊤hscale), (7)

where hscale is the feature of the scale token at the last ag-
gregator layer. The scale s affects only translation, depth,
and pointmap outputs, while rotation and field of view re-
main unchanged. The scale head is trained only on datasets
with available ground-truth metric scale.
Depth and pointmap heads. The depth head and
pointmap head take the aggregated frame-level and patch-
level features to predict, for each frame, a depth map
Di ∈ RH×W and the corresponding world-coordinate
points Xi ∈ RH×W×3, along with per-pixel confidence
scores. These branches operate jointly with the scale head:
geometry is optimized in a scale-invariant space, while the
ScaleToken independently learns the global scaling factor,
ensuring full Sim(3) gauge decoupling.
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Figure 4. Cache-consistent training (CCT). We show attention maps (top) and Relative Pose Error (RPE) heatmaps (bottom) under
different training–inference settings. Without CCT (left), causal inference develops a strong attention sink; windowed inference either
amplifies this sink when it is kept or collapses when it is removed. With CCT (right), the sink is strongly suppressed in causal mode and
likewise suppressed in both windowed modes, yielding stable and best accuracy. Light blue denotes attention to the keyframe.

3.4. Probabilistic Framework and Loss Functions
To implement the gauge-decoupled design within a unified
probabilistic framework, we formulate the overall objec-
tive as maximizing the joint likelihood of geometry, mo-
tion, and scale given the input sequence. Let I denote the
image frames, X the 3D pointmap, D the depth, p the
relative pose, and s the global scale. We minimize the
Negative Log Posterior:

L = Lgeom + Ldepth︸ ︷︷ ︸
Geometry & Depth Likelihood

+ Lpose︸︷︷︸
Pose Likelihood

+ Lscale︸ ︷︷ ︸
Scale Prior

, (8)

where each term corresponds to a conditional factor in the
posterior decomposition

p(D,X, p, s | I) ∝ p(D | X, I) · p(X | p, s, I)·
p(p | I) · p(s). (9)

This factorization aligns the learning process with the
gauge-invariant formulation of SE(3) and Sim(3) intro-
duced in Sec. 3.2.
Relative pose loss. The relative pose loss Lpose corre-
sponds to p(p | I) and supervises the RelPoseHead out-
put prel = [t,q, f ] across iterative updates:

Lpose =

T∑
t=1

γt−1
(
ℓ(q̂(t), qi←k) + ℓt(t̂

(t), ti←k)

+ ℓ(f̂ (t), fi←k)
)
, (10)

where ℓ denotes a L1 loss and fi←k is the focal offset. To
maintain gauge decoupling, the translation term ℓt is com-
puted in a normalized coordinate space, ensuring that trans-
lation supervision does not implicitly encode global scale.
Geometry loss. Inspired by SI [21], the geometric loss
Lgeom (shape optimization) corresponds to p(X | p, s, I)

Algorithm 1 Cache-Consistent Training

1: Input: chunks {c1, . . . , cN}, initial cache KV(0) = ∅
2: for i = 1 to N do
3: (outi, KVnew) = model(ci, KV(i−1))

4: KV(i) = trim(KVnew, window size)
5: end for

and operates in the normalized space:

X̃pred =
X̂raw

Norm(X̂raw)
, X̃gt =

X

Norm(X)
,

Lgeom = ∥X̃pred − X̃gt∥1.

(11)

Normalization removes explicit scale dependency, ensuring
∂L/∂s = 0. Hence, Lgeom supervises only the backbone to
learn correct 3D structure.
Scale loss. The scale loss Lscale regularizes the global scale
s. Since scale is multiplicative, we compare predicted and
ground-truth scale in log space to measure relative error and
stabilize gradients:

Lscale = ∥ log ŝ− log sgt∥1. (12)

where sgt is the metric scale computed from calibrated
ground-truth depth. This loss is applied only to metric-
calibrated samples; non-metric data are trained using ge-
ometry and depth losses alone.

3.5. KV Cache and Train–Inference Consistency
Prior work on streaming Transformers shows that models
often rely on an attention sink [22, 52–54] to stabilize at-
tention; without it, sliding past the first frame can trigger
model collapse.

However, this anchoring creates a fragile reliance on the
first frame. Over long sequences, it leads to geometric
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Input Ours STream3R StreamVGGT VGGT-SLAM

Figure 5. Qualitative comparison on long-sequence pose estimation. We compare LongStream against streaming and SLAM baselines
on KITTI and vKITTI sequences spanning several hundred meters. Stream3R and StreamVGGT accumulate drift over long trajectories,
and VGGT-SLAM runs out of memory on the second vKITTI sequence. LongStream preserves stable and coherent poses across all scenes,
maintaining trajectory continuity even under large loop motions.

Methods
KITTI [51] (ATE ↓)

Avg.
00

4542x, 3.7km

01
1101x, 2.5km

02
4661x, 5.1km

03
801x, 0.6km

04
271x, 0.4km

05
2761x, 2.2km

06
1101x, 1.2km

07
1101x, 0.7km

08
4071x, 3.2km

09
1591x, 1.7km

10
1201x, 0.9km

FastVGGT * 705.39 * 62.38 10.27 157.74 124.43 69.27 * 190.10 194.75 189.29
MASt3R-SLAM * 530.37 * 18.87 88.98 159.430 92.00 * * * * 177.93
VGGT-SLAM * 607.16 * 169.83 13.12 * * * * * * 263.37

CUT3R 185.89 651.52 296.98 148.06 22.17 155.61 132.54 77.03 238.39 205.94 193.39 209.78
TTT3R 190.93 546.84 218.77 105.28 11.62 153.12 132.94 70.95 180.57 211.01 133.00 177.73
STream3R 190.98 681.95 301.40 158.25 102.73 159.85 135.03 90.37 261.15 216.31 207.49 227.77
StreamVGGT 191.93 653.06 303.35 157.50 108.24 160.46 133.71 89.00 263.95 216.69 209.80 226.15

Ours 92.55 46.01 134.70 3.81 1.95 84.69 23.12 14.93 62.07 85.61 21.48 51.90

Table 1. Quantitative comparison on the KITTI dataset in terms of ATE. The upper block lists optimization-based baselines, and the
lower block reports streaming methods. Our approach achieves the best accuracy across all sequences.

saturation [53], manifested as unstable attention, keyframe
jumps, and growing pose errors. These issues persist even
with relative-pose supervision, indicating that sink anchor-
ing itself imposes an asymmetric positional bias.

We argue that “short-horizon collapse” is not caused
directly by removing the sink, but is a symptom of
train–inference mismatch. We therefore introduce Cache-
Consistent Training (CCT), introduced in Algorithm 1,
which explicitly passes and trims the KV cache between
chunks to align training and inference visibility. During
training, we remove the constant sink token and use purely
causal masking with a sliding window, while explicitly
passing and trimming the KV cache between chunks so that
cache visibility mirrors inference.

As shown in Figure 4, CCT makes the attention pat-
tern mathematically equivalent between chunked training
and frame-by-frame inference, forcing the model to operate
in a pure sliding window without a persistent anchor and
thereby removing sink dependence.

For ultra-long sequences, accumulated KV still yields
long-term memory saturation and geometric drift. We thus
adopt a periodic cache refresh that hard-marginalizes stale

context by resetting the sink frame and KV cache every N
keyframes, akin to state marginalization in SLAM.

This retains geometric continuity while clearing de-
graded features, allowing periodic memory resets with no
extra compute; because the entire model operates in a
keyframe-relative coordinate system, the cache can be re-
freshed at any keyframe without breaking consistency or
degrading accuracy.

Combining CCT with periodic cache refresh yields sta-
ble, generalizable streaming over thousands of frames,
maintaining consistent geometric accuracy and well-
behaved attention distributions.

4. Experiments

4.1. Implementation Details

Model configurations. We initialize LongStream from
VGGT and retain its 24-layer backbone with alternating
global and frame-level attention, containing roughly 1.3B
parameters. During training, we use a fixed visibility layout,
a consistent sliding window, and a keyframe interval of ten
so that each batch contains multiple keyframe transitions.
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Figure 6. Qualitative comparison on indoor sequences. We evaluate challenging scenes with strong viewpoint changes, occlusions, and
repeated back-tracking. While Stream3R, StreamVGGT, and VGGT-SLAM drift on these highly folded trajectories, LongStream maintains
stable poses and consistent 3D structure throughout the sequence. The symbol * denotes runs with out-of-memory errors or more than
three tracking failures.

Methods
TUM [55] Oxford Spires [56] Waymo [57]

ATE ↓ ATE ↓ ATE ↓

FastVGGT 0.418 36.577 1.281
MASt3R-SLAM 0.082 37.728 7.625
VGGT-SLAM 0.123 (0.053†) 31.003 7.431

CUT3R 0.542 32.440 9.396
TTT3R 0.308 36.214 3.486
STream3R 0.633 37.569 42.203
StreamVGGT 0.627 37.255 45.101

Ours 0.076 19.815 0.737

Table 2. Quantitative comparison on TUM [55], Oxford
Spires [56], and Waymo [57]. Top: optimization-based methods;
Bottom: streaming methods. Our method demonstrates robustness
on these small-scale trajectories, achieving the best performance
across all online benchmarks. † Reported in [58].

Methods
vKITTI [59] (ATE ↓)

Scene 01
447×, 332m

Scene 02
223×, 113m

Scene 06
270×, 51m

Scene 18
339×, 254m

Scene 20
837×, 711m

Avg.

FastVGGT 3.435 0.311 0.120 2.050 101.667 31.427
MASt3R-SLAM 83.771 20.206 3.840 68.875 231.064 98.714
VGGT-SLAM 25.128 0.237 0.281 1.641 68.840 23.667

CUT3R 50.968 29.913 0.820 29.012 127.583 55.276
TTT3R 29.877 11.785 0.598 7.445 71.208 28.099
STream3R 68.280 26.450 8.185 43.597 198.279 82.815
StreamVGGT 71.616 15.349 10.274 23.900 221.407 83.916

Ours 1.422 0.185 0.303 0.683 4.030 1.610

Table 3. Quantitative comparison on vKITTI. Top:
optimization-based methods; Bottom: streaming methods. Our
method achieves the best accuracy across all sequences.

We optimize with AdamW and cosine decay, using a peak
learning rate of 4 × 10−6, and a warmup of 1k steps. All
images, depths, and pointmaps are resized to a maximum
long side of 518 pixels, with aspect-ratio jittering, interval
sampling, and cross-block shuffling.
Training method. We train LongStream with a two-

stage schedule: the first stage performs batch-independent
training with batch size 22 for 50k iterations over three
days on 32 A100 GPUs. The second stage applies KV-
cache–consistent training that matches streaming inference
by sampling sequence lengths between 10 and 80 with a
cache window of 10. Metric scale supervision is used only
when calibrated ground truth is available. At inference time,
LongStream reaches 18 FPS on a single GPU. Further im-
plementation details are available in the Appendix.
Training data. LongStream is trained on a multi-domain
dataset collection, including Kubric [60], WildRGB [61],
ScanNet [62], HyperSim [63], Mapillary [64], Replica [65],
MVS-Synth [66], PointOdyssey [67], Virtual KITTI [59],
Aria Synthetic Environments [68], Aria Digital Twin [68]
Objaverse [69], Spring [70], and Waymo Open [57].
BlendedMVS [71], Co3Dv2 [72], MegaDepth [73], and
DL3DV [74] do not provide metric ground truth and are
therefore excluded from scale training, while all other
datasets used in training provide metric supervision.
Baselines. We compare LongStream with offline trans-
formers, streaming models, and SLAM-style systems. Be-
cause both VGGT [15] and π3 [16]exceed memory lim-
its on long clips, we report FastVGGT [75] as a practi-
cal replacement. Streaming baselines include CUT3R [45],
TTT3R, STream3R [1], and StreamVGGT [2]. MASt3R-
SLAM [34] and VGGT-SLAM [58] represent optimization-
based SLAM baselines. VGGT-SLAM performs chunk-
wise inference over 16/32 frames and thus accesses future
frames within each chunk. All methods are evaluated with
official default settings under a unified protocol.

4.2. Quantitative Results

Camera pose estimation. We evaluate ATE on
vKITTI [59] (training), Waymo [57] (held-out), and the un-
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Methods
7Scenes TUM

CD ↓ F1@0.25 ↑ CD ↓ F1@0.25 ↑

FastVGGT 6.373 0.710 0.104 0.926
MASt3R-SLAM 5.987 0.691 0.057 0.954
VGGT-SLAM 6.306 0.696 1.993 0.633

CUT3R 6.281 0.274 0.474 0.533
TTT3R 6.231 0.260 0.249 0.792
STream3R 6.353 0.479 1.126 0.444
StreamVGGT 6.630 0.483 0.680 0.402

Ours 2.260 0.641 0.225 0.673

Table 4. Quantitative comparison on 7Scenes and TUM. CD
(lower) and F1@0.25 (higher) are adopted for evaluation. Best
numbers are in bold; second best are underlined.

RelPose Scale Head CCT Cache Refresh ATE ↓ RPE ↓ Scale Err. ↓

✗ ✗ ✗ ✗ 8.043 2.207 -
✓ ✗ ✗ ✗ 2.819 0.750 -
✓ ✓ ✗ ✗ 2.645 0.484 0.010
✓ ✓ ✓ ✗ 0.984 0.454 0.032
✓ ✓ ✓ ✓ 0.115 0.126 0.035

Table 5. Ablation study on RelPose, Scale head, CCT, and
cache refresh. Green indicates enabled, red indicates disabled.
Rows 2 and 3 ATE gap is caused by a few large trajectory outliers.
Scale Error reports absolute scale deviation; lower is better.

seen KITTI [35], TUM-RGBD [55], and Oxford Spires [56]
datasets. As shown in Tables 1–3, streaming baselines ex-
hibit nonlinear error growth as sequence length increases,
likely due to long-horizon history saturation and contami-
nation, whereas LongStream remains stable. Offline mod-
els frequently encounter out-of-memory (OOM) and track-
ing loss on long clips. Despite operating fully streaming,
LongStream achieves state-of-the-art accuracy at 18 FPS
and generalizes robustly across environments.
3D reconstruction. We evaluate full-sequence reconstruc-
tion on 7Scenes and TUM on test sequences without sub-
sampling, reporting Chamfer Distance and F1@0.25. As
shown in Table 4 and Figure 6, LongStream performs com-
petitively with both offline approaches on both benchmarks.
The small spatial extent and dense frame coverage of these
datasets lead to largely saturated metrics. For 7Scenes, fail-
ure cases of some methods under all-frame evaluation pro-
duce CD values several orders of magnitude larger on cer-
tain scenes, leading to an inflated mean CD.
Scale estimation. We evaluate the accuracy of the recov-
ered metric scale on vKITTI. LongStream produces a stable
scale estimate across the entire sequence, achieving a scale
ratio of 0.9905 with respect to ground truth.

4.3. Qualitative Results

Figures 5 and 6 visualize trajectories on kilometer-level
and room-scale sequences, confirming stable pose predic-

tion under both large and small spatial extents. In out-
door settings (Figure 5), existing streaming methods such as
STream3R and StreamVGGT suffer from accumulated drift
over long trajectories, while the optimization-based VGGT-
SLAM encounters memory limitations and tracking loss on
longer sequences. In contrast, LongStream preserves tra-
jectory continuity and metric accuracy across several hun-
dred meters, successfully closing large loops without ex-
plicit loop closure modules.

Similarly, in indoor environments (Figure 6), the model
demonstrates robustness against highly folded camera tra-
jectories characterized by strong viewpoint changes, occlu-
sions, and repeated back-tracking. Where baselines tend
to produce unstable or drift-prone poses under these erratic
motion patterns, LongStream maintains a coherent global
trajectory.

4.4. Ablation Study
We conduct ablations on a single vKITTI sequence to val-
idate LongStream’s four core components: the keyframe-
relative pose head, the scale branch, cache-consistent train-
ing (CCT), and periodic cache refresh. As shown in Table 5,
combining all modules reduces ATE from 8.043 to 0.115,
nearly two orders of magnitude.
Gauge-decoupled pose and scale. Switching from abso-
lute pose regression to our gauge-decoupled formulation
provides the largest gain (Row 1 → Row 2), confirming that
separating local geometry from global coordinates is essen-
tial for generalizing beyond the training window. The scale
branch is required for metric consistency; removing it pre-
vents the model from producing a stable global scale across
the sequence.
Temporal cache consistency. The periodic cache refresh
prevents long-term memory saturation in infinite streams,
while the dedicated scale branch is essential for maintaining
metric consistency.

Combining all components reduces the final ATE by
nearly two orders of magnitude relative to the baseline.
More detailed analyses are provided in the Appendix.

5. Conclusion
LongStream delivers stable, metric-scale reconstruction
over ultra-long sequences, overcoming the drift and extrap-
olation failures of existing methods. Its gauge-decoupled
pose design and cache-consistent training preserve consis-
tent geometry and scale across thousands of frames, achiev-
ing strong accuracy and real-time performance on diverse
indoor and outdoor datasets.
Limitations. The model still assumes a largely static world,
relies on a heuristic keyframe schedule, and shows mild
degradation in pointmap consistency over very long win-
dows. These limitations suggest clear directions for improv-
ing robustness and generality in future work.
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