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Abstract. Streaming 3D reconstruction aims to recover 3D information,
such as camera poses and point clouds, from a video stream, which ne-
cessitates geometric accuracy, temporal consistency, and computational
efficiency. Motivated by the principles of Simultaneous Localization and
Mapping (SLAM), we introduce GCT, geometric context transformer, a
feed-forward 3D foundation model for reconstructing scenes from stream-
ing data. A defining aspect of GCT lies in its carefully designed attention
mechanism, which integrates an anchor context, a pose-reference win-
dow, and a trajectory memory to address coordinate grounding, dense
geometric cues, and long-range drift reduction, respectively. This de-
sign keeps the streaming state compact while retaining rich geomet-
ric context, enabling stable efficient inference at around 20 FPS on
518×378 resolution inputs over long sequences exceeding 10,000 frames.
Extensive evaluations across a variety of benchmarks demonstrate that
our approach achieves superior performance compared to both existing
streaming and iterative optimization-based approaches. Code is available
at https://github.com/Robbyant/lingbot-map.
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1 Introduction

We perceive the world through a continuous stream of visual input, yet our spa-
tial memory is not a faithful recording of every moment: it is sparse, structured,
and efficient. Rather than retaining every observation, human spatial cognition
selectively preserves only the most essential cues, enabling coherent navigation
through large-scale environments over extended periods. Can we build machines
that operate similarly, performing streaming 3D reconstruction from continuous
visual input, selectively and efficiently?

In recent years, 3D foundation models have advanced rapidly, with methods
such as VGGT [74] and Depth Anything 3 [38] directly predicting camera poses,
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(a) Real-World Captured Aerial Video (b) World Model Generated Cartoon Video

(c) Long-sequence Multi-Room Traversal Video

Fig. 1. Visualization results of GCT on varying scenes: Given a continuous
video stream, GCT performs efficient streaming 3D reconstruction with accurate
camera pose estimation and high-quality point cloud reconstruction. Examples include
Real-World Captured Aerial Video (top-left), World Model Generated Cartoon Video
(top-right) and Long-sequence Multi-Room Traversal Video (bottom). More details of
these results can be found in supplementary materials.

depth maps, and dense point maps from multiple images in a single feed-forward
pass. However, these successes are largely confined to offline settings, where the
full image set is available and processed globally. Recent efforts [29, 34, 78, 100]
have begun to adapt these capabilities to streaming reconstruction, but existing
approaches still exhibit limited robustness to long sequences and complex scenes.
The core difficulty is selective context management: balancing rich geometric
context for long-term consistency with a compact state for efficient inference.

Existing methods adopt different strategies to manage streaming context,
each involving distinct trade-offs. CUT3R [78] maintains a persistent recurrent-
style state, but its aggressive compression can lead to state forgetting and
weak retention of essential geometric priors. In contrast, StreamVGGT [100]
and Stream3R [29] adopt causal attention and caching, yet retain near-complete
history without explicit selection, mixing useful geometry with redundancy and
causing memory and computation to grow rapidly. A third line of work, such
as VGGT-SLAM [43] and MASt3R-SLAM [48], integrates learned 3D models
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with classical SLAM backends. While these methods incorporate structured
context management through keyframe selection and pose-graph maintenance,
such selection relies on hand-crafted heuristics rather than learned priors, and
iterative optimization further limits real-time applicability. These observations
point to a key design principle: the streaming state should selectively retain what
matters most, not merely how much, and this selection should be grounded in
geometric priors yet learned end-to-end from data.

To this end, we introduce GCT, a streaming foundation model built around
Geometric Context Attention (GCA) that realizes this principle within a unified
attention framework. The design draws on a key insight from classical SLAM
systems: robust real-time reconstruction requires maintaining distinct types of
spatial context—a reference frame for coordinate grounding, a local window for
dense local geometry estimation, and a global map for long-range drift reduction.
Accordingly, GCA explicitly maintains three complementary types of context: an
anchor context for coordinate and scale grounding, a local pose-reference window
that retains dense visual features from recent frames for accurate local geometry
estimation, and a trajectory memory that compresses the full observation history
into compact per-frame tokens for global consistency. While the context structure
is motivated by classical reconstruction principles, GCA replaces hand-crafted
optimization with end-to-end learned attention that adaptively weights, en-
codes, and compresses information within each context type. This structured yet
learned representation ensures stable and efficient inference even over arbitrarily
long sequences, with nearly constant memory and computation per frame, as
context beyond the local window is compressed into compact per-frame tokens.

To scale up training effectively, we employ a progressive training strategy
combined with context parallelism [22], along with a relative loss formulation
that facilitates stable optimization on long sequences. This allows GCT to learn
efficiently from diverse, large-scale 3D datasets. As shown in Fig. 1, GCT pro-
duces high-quality streaming reconstructions with accurate camera poses across
diverse scenes. We evaluate GCT on comprehensive benchmarks, including Ox-
ford Spires, 7-Scenes, Tanks and Temples, ETH3D, and show consistent im-
provements over existing streaming methods in both camera pose estimation
and dense 3D reconstruction quality.

Our contributions are summarized as follows:

– We introduce GCT, a streaming 3D foundation model built around Geomet-
ric Context Attention (GCA), which maintains three complementary context
types—anchor, pose-reference window, and trajectory memory—for efficient
and consistent long-sequence streaming inference.

– We propose an efficient training recipe based on progressive training and
context parallelism with a relative loss formulation for stable long-sequence
optimization.

– We demonstrate that GCT achieves state-of-the-art performance on multiple
benchmarks (Oxford Spires, Tanks and Temples, ETH3D, and 7-Scenes),
significantly outperforming existing streaming approaches in reconstruction
quality and inference speed.
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2 Related Work

Traditional 3D Reconstruction. Traditional 3D reconstruction methods mainly
include Structure-from-Motion (SfM) [50,57,63], Simultaneous Localization and
Mapping (SLAM) [5,46,47], and Multi-View Stereo (MVS) [16,58,89]. SfM and
SLAM recover camera poses and scene geometry from multi-view observations,
where SfM typically operates offline on unordered image collections, while SLAM
processes video streams online. These systems are usually complex and highly
modular, typically centered around optimization-based bundle adjustment for
camera pose estimation. In contrast, MVS focuses on dense reconstruction given
known camera poses. Over the past decade, many works have explored replacing
individual components of these pipelines with deep learning modules, partic-
ularly for feature extraction [13] and matching [56, 65]. More recently, several
approaches attempt to implement SfM, SLAM, or MVS in an end-to-end manner,
such as VGGTSfM [75], DROID-SLAM [69], and MVSNet [89,90].
3D Foundation Model. DUSt3R [79] represents a paradigm shift in feed-
forward 3D reconstruction. Given a collection of unposed images, DUSt3R di-
rectly regresses a dense 3D reconstruction of the scene without explicit ge-
ometric modeling. However, DUSt3R [79] only supports two-view input and
requires aligning all results via optimization for additional views. To support
more than two views and improve reconstruction quality, VGGT [74] uses an ad-
vanced transformer architecture that includes cross-view attention layers, achiev-
ing state-of-the-art performance on standard benchmarks. Crucially, VGGT demon-
strates that leveraging large-scale data together with powerful model architec-
tures can significantly improve reconstruction quality. Building on this foun-
dation, numerous subsequent works have advanced feed-forward reconstruction
across various dimensions, including improving reconstruction accuracy [38, 74,
81,97], enhancing computational efficiency [40,88], handling dynamic scenes [7,
14, 25, 41, 64, 73, 84, 96], enabling novel view synthesis [9, 19, 24, 30, 37, 62, 67,
77, 86, 87, 92], and incorporating multi-modal inputs [23, 26, 42]. However, these
methods are primarily designed for offline processing and do not address the
unique challenges of streaming 3D reconstruction, such as maintaining long-term
consistency and managing computational resources over extended sequences.
Streaming 3D Reconstruction. Driven by the need for online applications,
streaming 3D reconstruction can be broadly categorized into hybrid SLAM-based
approaches and end-to-end feed-forward methods. Hybrid methods typically
integrate 3D foundation models with traditional SLAM pipelines [12,43,48,85],
aiming to leverage the strengths of both paradigms. However, these approaches
often rely on hand-crafted components and careful parameter tuning to achieve
optimal performance, lacking the benefits of a fully end-to-end learning frame-
work. In contrast, recent feed-forward streaming methods [29, 34, 72, 78, 100]
extend the offline paradigm to streaming settings by employing Recurrent Neural
Network (RNN)-based architectures or by combining caching mechanisms with
causal attention. Specifically, CUT3R [78] maintains a persistent state that
is updated recurrently via RNN architectures. To mitigate state forgetting,
TTT3R [8] adopts a test-time training strategy. Meanwhile, StreamVGGT [100],
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Stream3R [29], and Wint3R [34] adapt the more advanced VGGT architecture
using causal attention and caching strategies. Despite these advances, existing
streaming methods often struggle to maintain performance over long input se-
quences and in complex environments. Common failure modes include significant
trajectory drift, degraded reconstruction accuracy, and prohibitive growth in
memory and computational requirements. We attribute these limitations to the
absence of a principled mechanism for effectively retaining essential geometric
context during the streaming process.

3 Method

In Sec. 3.1, we present an overview of our method and the problem formulation.
We then introduce Geometric Context Attention (GCA) (Sec. 3.2), a mechanism
specifically designed for streaming 3D reconstruction. Sec. 3.3 describes the
network architecture and the training procedure. Finally, Sec. 3.4 presents the
inference pipeline for efficient inference.

3.1 Overview

Given a continuous stream of images I = {I1, I2, . . .}, GCT processes each new
frame It upon arrival and estimates its camera pose P̂t and depth map D̂t using
only the current and previously observed frames {I1, . . . , It}, without access
to future observations. Building on the architecture of recent feed-forward 3D
models [74], we design a streaming variant where each frame is encoded by a
ViT backbone and processed through alternating layers of frame-wise attention
and Geometric Context Attention (GCA), before task-specific heads predict the
camera pose and depth map (see Fig. 3). The key to enabling efficient streaming
inference is GCA, which maintains three complementary geometric contexts:
anchor, pose-reference window, and trajectory memory, thereby balancing long-
term consistency with compact state representation. We detail GCA in Sec. 3.2,
the overall architecture and training strategy in Sec. 3.3, and the inference
pipeline in Sec. 3.4.

3.2 Geometric Context Attention

The central challenge of streaming 3D reconstruction is managing geometric
context: the model must retain sufficient long-range context to ensure global
consistency, yet keep its streaming state compact enough for efficient inference.
Classical SLAM and SfM systems provide structural insights into this trade-off
by decomposing the streaming state into three distinct types of spatial context,
each serving a complementary role: a reference frame for coordinate and scale
grounding, a local window of recent observations for dense geometry estimation,
and a global map for reducing accumulated drift. Drawing on this principle, GCA
decomposes the streaming context into three complementary learned attention
mechanisms, replacing hand-crafted optimization with end-to-end differentiable
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attention: anchor context, a local pose-reference window, and trajectory memory.
We describe each below.
Anchor Context. Monocular reconstruction is inherently scale-ambiguous, so
a consistent coordinate system and absolute scale must be established before
streaming begins. Offline methods such as DUSt3R [79] and VGGT [74] resolve
this by normalizing with respect to the global point cloud, but this requires
access to all frames and is therefore incompatible with causal streaming inference.
Instead, we designate the first n images (n ≪ N) as anchor frames and use them
to fix the scale. We apply full attention among these frames. Every frame carries
a learnable anchor token, but anchor frames and streaming frames use different
learned values for this token, so the network can identify and distinguish anchor
frames from subsequent streaming frames. After initialization, the anchor tokens
and image tokens of the anchor frames are retained in the attention context, and
all subsequent frames attend to them as fixed references. We refer to all infor-
mation carried by these initialization frames collectively as the anchor context.
During training, we normalize all ground-truth annotations to a canonical scale
derived from the anchor frames: we compute s = 1

|X̄ anchor|
∑

x∈X̄ anchor∥x∥2 as
the mean distance of the ground-truth point cloud X̄ anchor from the coordinate
origin, and divide all ground-truth depths and camera translations by s.
Local Pose-Reference Window. Accurately registering each new frame re-
quires dense visual overlap with nearby observations, context that the distant an-
chor frames alone cannot provide. To address this, we maintain a sliding window
of the k most recent frames during inference, retaining their full image tokens.
This dense local context provides essential relative pose cues from immediate
visual connections, enabling the network to accurately register new frames into
the global trajectory. To further encourage geometric consistency within the
local window, we apply a relative pose loss between frames in this window, as
detailed in Sec. 3.3.
Trajectory Memory. The anchor context and local window together provide
a fixed global reference and dense recent observations, but without any record
of intermediate frames, pose errors accumulate unchecked over long sequences,
causing the estimated trajectory to drift. To mitigate this, we retain a compact
trajectory context that summarizes the full observation history. Specifically, for
frames that fall outside both the anchor set and the active sliding window,
we retain only the camera, anchor, and register tokens (i.e., 6 context tokens
per frame) while discarding the memory-intensive image tokens (M tokens per
frame). Additionally, we incorporate video temporal positional encodings [71]
into the retained tokens to impose temporal ordering on the global trajectory.
By maintaining this lightweight yet temporally ordered record of all past ob-
servations, the trajectory memory provides long-range cues that help correct
accumulated drift and ensure global consistency.
Attention Mask Design. Fig. 2 compares different attention patterns for
streaming inference. Global attention (a) attends to all frames but cannot op-
erate in a streaming fashion. Causal attention (b) enables streaming but causes
memory and computation to grow linearly with sequence length. Sliding window
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Fig. 2. Comparison of attention masks. Each square block represents one frame’s
tokens, consisting of a small leading segment of context tokens (camera, anchor, and
register tokens) and a larger segment of image tokens. (a) Full attention attends to
all frames. (b) Causal attention enables streaming but grows linearly with sequence
length. (c) Sliding-window attention bounds cost but loses long-range context. (d) GCA
partitions the streaming context into anchors (n=2), a local window (k=2), and
trajectory memory, retaining rich long-range context while keeping cost nearly constant
as the sequence length increases.

attention (c) bounds compute but sacrifices long-term context. Our GCA (d)
combines the anchor context, trajectory memory, and local window into a struc-
tured attention mask that retains long-range consistency with bounded per-
frame cost.
Complexity Analysis. For a T -frame sequence, the per-frame attention con-
text in GCA comprises n anchor frames with full tokens (n · (M +6)), k window
frames with full tokens (k · (M + 6)), and (T − n − k) trajectory frames with
compact tokens (6 each). Since n and k are fixed constants, the total context
simplifies to (n+k)·M+6T , where the first term is constant and the second grows
at a rate of just 6 tokens per frame. In contrast, causal attention retains T ·(M+
6) = MT + 6T tokens, sharing the same 6T term but incurring an additional
MT that grows with the full token count. Since each new frame adds (M+6)
tokens under causal attention but only 6 under GCA, the per-frame growth rate
is reduced by roughly 80× for typical values (M≈500). Concretely, with n=3,
k=16, and T=10,000, causal attention accumulates ∼5×106 tokens, while GCA
retains only ∼7×104, yielding nearly constant memory and computation per
frame.

3.3 Geometric Context Transformer Framework

Architecture. The overall architecture is illustrated in Fig. 3. Each input
image is first encoded by a Vision Transformer (ViT) backbone initialized from
DINOv2 [49] to produce M image tokens per frame. These image tokens are aug-
mented with a camera token c ∈ RC , four register tokens rj ∈ RC (j = 1, . . . , 4),
and a learnable anchor token a ∈ RC . Following VGGT [74], the register tokens
act as shared scratch tokens that participate in attention but are not decoded by
the prediction heads. The augmented tokens are then processed through multiple



8 L.-Z. Chen et al.

Video

Cu
rr

en
t F

ra
m

e

Frame Attention Geometric Context Attention Image TokenCamera Token Context Token

DPTDc
Depth
Head

Camera
Head

Anchor Context

Local Pose-Reference Window

Evicted Context

T1

Ti-k

Ti

Trajectory  
Memory

Depth

…

……

……

… …

Ti-1

…Tn …

Fig. 3. Pipeline of the proposed GCT. The framework processes the current view
Ti relative to an initialization set [T1, Tn). A DINO backbone extracts image features,
which are then refined through alternating layers of Frame Attention and GCA. Within
the GCA module, the input view aggregates information from the Anchor Context,
Local Pose-Reference Window [Ti−k, Ti), and Trajectory Memory Context. Finally,
task-specific heads predict camera pose and depth maps, enabling robust, memory-
efficient streaming 3D reconstruction for long-range sequences.

alternating layers of Frame Attention and GCA. Frame Attention operates inde-
pendently within each frame, enabling per-frame feature refinement, while GCA
operates across frames according to the structured attention mask described
in Sec. 3.2, enabling cross-frame geometric reasoning. Finally, a camera head
takes the camera token to predict the absolute camera pose P̂t, and a depth
head takes the image tokens to predict the corresponding depth map D̂t.
Loss Function. We train GCT using a composite loss function consisting of
depth, absolute pose, and relative pose terms:

L = λdepth Ldepth + λabs-pose Labs-pose + λrel-pose Lrel-pose. (1)

The depth loss (Ldepth) and absolute pose loss (Labs-pose) follow the definitions
in VGGT [74]: Ldepth =

∑N
i=1

∥∥∥ΣD
i ⊙ (D̂i − Di)

∥∥∥ +
∥∥∥ΣD

i ⊙ (∇D̂i − ∇Di)
∥∥∥ −

α logΣD
i ,Labs-pose =

∑N
i=1

∥∥∥P̂i −Pi

∥∥∥
ϵ
. Here, ΣD

i represents the predicted un-
certainty map, and ⊙ denotes element-wise multiplication. Unlike VGGT [74],
we supervise the network using camera-to-world transformations rather than
world-to-camera ones. In the world-to-camera parameterization, rotation and
translation are inherently coupled, making translation estimation highly sensi-
tive to rotation errors, particularly in long sequences. Inspired by π3 [81], we
incorporate a relative pose loss over all frame pairs within the sliding window:

Lrel-pose =
1

k(k − 1)

∑
i ̸=j

i,j∈{1,...,k}

(
Lrot(i, j) + λtransLtrans(i, j)

)
, (2)
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where Lrot(i, j) and Ltrans(i, j) denote the geodesic rotation error and ℓ1 trans-
lation error of the relative pose between frames i and j, respectively. Because
the window comprises only already-observed frames, this loss is inherently causal
and encourages local trajectory consistency.
Progressive View Training. Training directly on long sequences is challeng-
ing: early-stage pose errors propagate along the trajectory and destabilize the loss
landscape, leading to slow or divergent optimization. To address this, we adopt a
progressive training strategy that starts with short subsequences and gradually
increases the number of views over training. This curriculum enables the network
to first acquire reliable local geometry estimation from short clips before learning
to maintain global consistency across progressively longer trajectories.
Context Parallel. As the number of training views grows, GPU memory be-
comes the primary bottleneck due to the quadratic cost of cross-frame attention.
To address this, we employ the Ulysses [22] context-parallelism strategy, which
distributes different views across multiple GPUs to enable parallel attention
computation via efficient all-to-all collective communication.

3.4 Inference Pipeline

Inference design. Like autoregressive LLMs, our causal model caches the key-
value (KV) states of previously processed frames to avoid redundant recompu-
tation. However, with naive causal attention, the KV cache scales linearly with
the number of frames, increasing memory consumption and per-frame latency.
GCA addresses this by keeping the per-frame context compact (see Sec. 3.2),
but the sliding-window and trajectory-eviction logic still requires frequent cache
updates (appending new entries and discarding old ones), which incur overhead
due to repeated memory reallocation under a standard contiguous layout. We
eliminate this overhead with a paged KV-cache layout [28], in which updates
affect only newly appended tokens rather than the entire cached sequence.

We implement the runtime on FlashInfer [93], which provides native support
for paged KV-cache management, as well as optimized attention kernels for paged
and sparse KV layouts. In the 518×378 setting with video sequences up to 1000
frames and a sliding window of 64 frames, our FlashInfer-based implementation
achieves ∼20 FPS, compared to ∼10.5 FPS for an otherwise identical PyTorch
baseline with contiguous KV-cache updates. To support robust long-sequence
inference, we select a key frame every m frames to be retained in the KV cache,
when the input views are more than our max training views in training.

4 Experiments

In this section, we first compare GCT with the current SOTA methods for camera
pose estimation and 3D reconstruction. Then, we conduct ablation studies on
different training strategies and design choices.
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4.1 Implementation Details

Training Details. We initialize GCT, including the ViT backbone and atten-
tion layers, with weights pretrained from DINOv2 [49]. The standard patch size is
set to 14 pixels. Training is conducted in two stages. In the first stage, we pretrain
GCT on a diverse collection of datasets that include both video and non-video
data. At this stage, we replace GCA with standard global attention to train an
offline, short-sequence base model, maximizing the utility of available datasets.
In the second stage, we load the pretrained weight, replace global attention with
our proposed GCA, and fine-tune on long-sequence reconstruction datasets using
context parallelism with a dimension of 16. Both stages use 160K iterations with
the AdamW optimizer. Training takes approximately two weeks per stage on
64 GPUs. The learning rate is set to 2 × 10−4 for the first stage and 5 × 10−5

for the second. Data augmentation techniques include color jittering, Gaussian
blur, and greyscale conversion. Images are resized to a maximum dimension of
518 pixels. During training, the local window size k is randomly sampled from
16 to 64, while at inference we set k = 64 and the keyframe interval m = 1.
Training Data. We first pretrain GCT on a diverse set of datasets, includ-
ing BlendedMVS [91], HyperSim [55], MegaDepth [32], Unreal4K [70], Wil-
dRGBD [83], TartanAir [80], TartanAirV2 [80], TartanGround [52], PointOdyssey [99],
VirtualKITTI [4], Kubric [18], DL3DV [39], MVS-Synth [21], GTA-SFM [76],
CO3D [54], SceneRGBD [44], Mapfree [1], Aria Synthetic Environments [51],
ADT [51], Objaverse [11], Texverse [98], ScanNet++ [94], ScanNet [10], Ma-
trixCity [31], MidAir [15], and our internal game dataset, following the offline
feed-forward training paradigm of VGGT [74]. The number of training views
is randomly sampled between 2 and 24. Subsequently, we fine-tune GCT on
long-sequence reconstruction datasets, adapting our streaming design and train-
ing strategies. Relative to the first stage, we no longer use MegaDepth [32],
MVS-Synth [21], GTA-SFM [76], CO3D [54], ADT [51], Objaverse [11], and
Texverse [98], while additionally introducing Waymo [66], KITTI-360 [36], Gib-
son [82], Matterport3D [6], and HM3D [53]. During fine-tuning, the number of
training views is progressively increased linearly from 24 to 320.

Our method consistently outperforms state-of-the-art online baselines across
all evaluated datasets. On the challenging ETH3D benchmark, GCT achieves an
F1 score of 86.80, surpassing the substantial runner-up Wint3R by 9.52 points.
This advantage extends to the NRGBD dataset, where our approach achieves
an F1 score of 65.10, demonstrating robust generalization compared to existing
solutions such as StreamVGGT and TTT3R.

4.2 Camera pose estimation

Large-Scale Trajectory Estimation on Oxford Spires. First, we evaluate
the camera pose estimation performance of GCT on the challenging Oxford
Spires [68] dataset. The dataset spans large-scale indoor and outdoor environ-
ments, resulting in complex scene changes within each sequence. We conduct
experiments under two settings: sparse and dense. Following the evaluation
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Table 1. Pose and trajectory accuracy comparison on the Oxford Spires
dataset. Our method achieves the best performance on most metrics among prior
offline, optimization-based, and online methods.

Methods Type AUC@15 ↑ AUC@30 ↑ ATE ↓ RPE-trans ↓ RPE-rot ↓

Fast3R [88] offline 1.20 2.99 34.80 8.21 59.51
VGGT [74] offline 23.84 35.09 24.78 8.87 22.79
DA3 [38] offline 49.84 56.68 12.87 3.22 16.17
FastVGGT [60] offline 21.68 34.64 22.43 7.25 16.12
π3 [81] offline 38.64 48.65 14.03 2.58 10.33

DroidSLAM [69] optim 8.58 21.41 21.84 1.02 6.90
MegaSAM [33] optim 15.91 28.03 13.80 0.76 7.24
VIPE [20] optim 45.35 51.88 10.52 0.43 5.98

StreamVGGT [100] online 10.91 17.04 28.41 6.35 16.28
SLAM3R [40] online 1.67 5.10 29.69 7.57 27.50
InfiniteVGGT [95] online 10.25 16.33 30.49 5.72 15.01
Spann3R [72] online 2.06 5.09 32.12 3.54 14.37
Stream3R-w [29] online 6.56 11.03 33.03 4.73 16.79
Stream3R [29] online 9.67 15.21 29.58 6.67 16.90
CUT3R [78] online 5.98 14.95 18.16 1.17 7.18
TTT3R [8] online 13.92 25.90 19.35 2.28 13.30
Wint3R [34] online 11.61 23.42 21.10 1.62 6.27

GCT (Ours) online 63.22 76.46 5.37 0.93 3.69

Table 2. Inference time comparison on the Oxford Spires dataset. We compare
with state-of-the-art feed-forward streaming 3D reconstruction methods in the dense
setting (3,840 frames).

CUT3R TTT3R Wint3R Infinite-VGGT Stream3R-w GCT (Ours)

ATE ↓ 32.47 25.05 32.90 31.75 33.73 5.60
FPS 29.21 28.97 3.88 7.78 13.66 20.29

protocol, on the Oxford Spires [68] dataset, we select 10 scenes with available
ground-truth trajectories: “bodleian library 02”, “christ church 02”, “christ church
03”, “christ church 05”, “keble college 02”, “keble college 03”, “keble college 04”,
“keble college 05”, “observatory quarter 01” and “observatory quarter 02”. We
select these scenes because ground truth trajectories in these scenes are available,
and we use camera 0 as the viewpoint.

In the sparse setting, we sample one frame every 12 frames from the Oxford
Spires sequences, resulting in 320 frames per scene. Under this configuration,
offline, optimization-based, and online methods can all run on our hardware.
The results are shown in Tab. 1 and Fig. 4. GCT demonstrates remarkable
performance on the Oxford Spires dataset, achieving the best results across
almost all metrics.

Notably, despite operating in a streaming online manner, our method sur-
passes the strongest offline baselines such as VGGT [74] and DA3 [38], reducing
the Absolute Trajectory Error (ATE) from 24.78 and 12.87 to 5.37. VGGT and
DA3 are trained on datasets with very limited viewpoints, where the captured
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Table 3. Quantitative comparison with state-of-the-art feed-forward stream-
ing 3D reconstruction methods. Results on ETH3D, 7-Scenes, and Tanks and
Temples show that our method achieves the best performance across all datasets.

Methods Type ETH3D 7-Scenes Tanks & Temples

AUC3↑ AUC30↑ ATE↓ AUC3↑ AUC30↑ ATE↓ AUC3↑ AUC30↑ ATE↓

SLAM3R [40] online 1.10 19.03 1.98 5.13 69.05 0.11 1.68 37.48 1.42
Spann3R [72] online 0.72 23.34 2.11 2.99 59.59 0.20 1.80 25.85 2.12
InfiniteVGGT [95] online 13.88 63.81 1.47 8.45 74.58 0.12 19.27 71.39 1.01
CUT3R [78] online 8.04 47.52 1.43 1.63 43.86 0.30 1.23 19.93 1.80
TTT3R [8] online 8.47 60.05 1.22 5.79 72.19 0.11 5.42 64.16 0.67
Wint3R [34] online 8.07 64.02 0.86 2.94 65.02 0.12 2.88 49.48 0.88
Stream3R [29] online 12.41 60.57 1.67 9.84 74.81 0.11 31.88 71.32 0.76
Stream3R-w [29] online 6.76 50.90 1.72 7.91 63.21 0.26 18.86 62.45 1.23
GCT (Ours) online 40.34 87.96 0.43 13.20 79.06 0.08 44.99 92.34 0.21
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Fig. 4. Trajectories on the Oxford-Spires dataset. GCT directly predicts camera
trajectories in a streaming manner and outperforms existing streaming (TTT3R),
bidirectional (DA3-Giant), and optimization-based (ViPE) methods, accurately pre-
serving trajectories during highly varying outdoor scenes, complex outdoor-to-indoor
transitions, and climbs of dark staircases. In the figure, ground truth is shown in blue,
predicted trajectories in orange, start points with •, and end points with ×.

frames largely stay around the scene and consecutive frames are close to each
other. As a result, these methods struggle to handle the complex scene changes
present in Oxford Spires. Compared with optimization-based methods, GCT
also achieves superior performance, outperforming the best optimization-based
method, VIPE [20], by a significant margin (ATE: 5.37 vs. 10.52).

When compared strictly with other online methods, GCT maintains a clear
performance advantage. All online methods tend to fail in most scenes in Oxford
Spires due to severe memory forgetting, with the best ATE of 18.16 achieved by
CUT3R [78], while our GCT achieves an ATE of 5.37.

The superior performance of GCT can be attributed to our efficient long-
sequence training strategy and to the stability and efficiency of the GCA mech-
anism in long sequences and large scenes. We further evaluate the performance
of GCT on the long sequence of Oxford Spires, as shown in Tab. 2. The results
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GCT (Ours)TTT3R Wint3R

Fig. 5. Comparisons of reconstruction quality. Our reconstruction results
significantly outperform other streaming methods, including the representative TTT3R
and Wint3R. These approaches, due to excessive information compression, suffer from
trajectory drift in long sequences.

show that GCT maintains its superior performance even in the long sequence
setting, demonstrating its robustness and scalability in streaming scenarios.

In the dense setting, we evaluate the full 3840-frame sequences (Tab. 2).
As trajectory length increases, most feed-forward methods degrade significantly
due to accumulated drift (e.g., CUT3R: 18.16 → 32.47, Wint3R: 21.10 → 32.90).
Our method maintains consistently low error (5.37 → 5.60), suggesting that Ge-
ometric Context Attention effectively preserves long-range geometric consistency
without explicit optimization.

Generalization on Diverse Benchmarks. We compare GCT with state-
of-the-art streaming methods on ETH3D [59] under the DA3 [38] protocol, 7-
Scenes [61] with stride-5 sampling, and Tanks and Temples [27]; results are
reported in Tab. 3. For Tanks and Temples, we use the Barn, Caterpillar, Church,
Ignatius, Meetingroom, and Truck scenes. The results demonstrate that our GCT
consistently outperforms all competing streaming approaches by a substantial
margin across these diverse scenarios. Beyond numerical metrics, a qualitative
comparison of reconstruction quality is provided in Fig. 5. When revisiting the
scene after long temporal gaps, our method exhibits minimal drift, producing
clear and consistent reconstructions of the building structures. In contrast, other
methods suffer from severe trajectory drift and fragmented point clouds due
to memory forgetting. This demonstrates the effectiveness of our Geometric
Context Attention mechanism in maintaining long-sequence consistency.

We further show comparison on the dynamic Sintel [3] and the city-scale

Table 4. Comparison on Sintel
and KITTI datasets. ATE (m)↓.

Method Sintel KITTI

DROID-SLAM [69] 0.20 129.34
VGGT-Long [12] 0.17 31.89
TTT3R [8] 0.22 171.63
GCT (Ours) 0.10 24.12

KITTI [17] odometry benchmark. As re-
ported in Tab. 4, GCT attains the low-
est ATE on both Sintel (0.10) and KITTI
(24.12), surpassing DROID-SLAM [69],
VGGT-Long [12], and TTT3R [8], despite
running in a single online pass without
state reset, pose-graph optimization, or loop
closure.
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Table 5. Quantitative comparison with state-of-the-art streaming 3D
reconstruction methods on ETH3D, 7-Scenes, and NRGBD. Our method
achieves the best results.

Methods Type ETH3D 7-Scenes NRGBD

Acc ↓ Comp ↓ F1 ↑ Acc ↓ Comp ↓ F1 ↑ Acc ↓ Comp ↓ F1 ↑

StreamVGGT [100] online 0.64 0.34 58.11 0.04 0.11 69.44 0.13 0.05 45.08
InfiniteVGGT [95] online 0.65 0.35 57.69 0.04 0.11 68.53 0.13 0.05 42.27
CUT3R [78] online 0.57 0.50 67.63 0.07 0.10 58.98 0.25 0.15 32.22
TTT3R [8] online 0.41 0.22 68.48 0.03 0.08 77.25 0.16 0.06 53.55
Wint3R [34] online 0.28 0.21 77.28 0.03 0.07 78.81 0.09 0.04 56.96
Stream3R [29] online 0.44 0.28 72.87 0.02 0.09 78.79 0.21 0.07 54.07
Stream3R-w [29] online 0.58 0.37 67.09 0.04 0.15 71.94 0.20 0.06 53.74
GCT (Ours) online 0.17 0.08 86.80 0.03 0.04 82.38 0.07 0.03 65.10

4.3 3D reconstruction

We evaluate the reconstruction performance of GCT on the 7-Scenes, ETH3D,
and NRGBD [2] datasets. For the 7-Scenes and ETH3D datasets, we follow the
evaluation settings established in the pose estimation experiments. Regarding
the NRGBD [2] dataset, we sample images using a stride of 5. The quantitative
results are summarized in Tab. 5.

The reconstructed and ground-truth point clouds are first aligned using the
Umeyama method, followed by ICP refinement (threshold 0.1) to compute F1,
accuracy, and completeness. For ETH3D, which features large-scale scenes with
relatively sparse ground-truth points, we adopt an F1 threshold of 0.25. By con-
trast, 7-Scenes and NRGBD contain many frames and dense depth projections
that produce tens of millions of points. For these datasets, we first perform
Umeyama alignment, then downsample both point clouds to a uniform voxel
grid (voxel size 4.0/512) before ICP, and set the F1 threshold to 0.05.

4.4 Analysis

Ablation study on GCA. As shown in Tab. 6, we conduct ablation studies to
analyze the contributions of components in GCA. We initialized our model with
the first-stage checkpoint and fine-tuned it on the TartanAir and TartanGround
datasets, followed by evaluation on the TartanGround validation set.

Anchoring via Initialization Reference: Introducing Anchor Initialization (A.
Init.) underscores the need for an initialization reference for coordinate and scale
anchoring. Adding A. Init. to the baseline boosts AUC@3 from 9.80 to 13.63 and
reduces ATE from 8.59 to 7.88, indicating that establishing an explicit initial
geometric frame prevents drift accumulation in streaming scenarios.

Local Pose-Reference Context and Relative Supervision: Relative Loss proves
indispensable for constructing a reliable local pose-reference graph for accurate
relative motion estimation. Removing Relative Loss (third row) degrades ro-
tational error (RPE-rot) to 5.35 and increases ATE to 8.25 compared to full
supervision (fourth row, ATE 7.46, RPE-rot 2.26). This demonstrates that while
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Table 6. Ablation study on long-sequence pose estimation and trajectory
accuracy. All components contribute significantly to the final performance.

Rel. Loss A. Init. Co. Tok. V. RoPE AUC@3 ↑ AUC@30 ↑ ATE ↓ RPE-trans ↓ RPE-rot ↓

✓ 9.80 65.84 8.59 1.62 2.57
✓ ✓ 13.63 68.71 7.88 1.60 2.90

✓ ✓ 13.91 68.25 8.25 1.67 5.35
✓ ✓ ✓ 15.75 69.92 7.46 1.48 2.26

✓ ✓ ✓ ✓ 16.39 71.87 5.98 1.33 1.93

Table 7. Effect of inference-time window size k and anchor count n on
Oxford Spires. Each cell reports ATE (m)↓ / FPS on H800 ↑ / FPS on RTX 4090 ↑
at 518× 378 resolution.

Anchor n \ Window k 16 32 48 64 128

2 12.0 / 26 / 19 7.9 / 25 / 16 6.0/ 22 / 14 5.5 / 20 / 12 5.6 / 15 / 9
4 11.9 / 26 / 19 7.8 / 25 / 15 5.8/ 22 / 14 5.4 / 20 / 12 5.4 / 15 / 9
8 11.2 / 25 / 18 8.0 / 24 / 15 5.5/ 22 / 14 5.3 / 20 / 12 5.3 / 15 / 9

global context aids long-term consistency, direct relative supervision constrains
frame-to-frame motion within the local graph structure.

Global Trajectory Cues via Context Token and RoPE: Combining Context
Tokens (Co. Tok.) and Video RoPE (V. RoPE) retains global trajectory cues for
long-term consistency. Context Tokens aggregate global context, improving sta-
bility with an AUC@30 increase to 69.92 (fourth row). Integrating Video RoPE
(last row) yields the best performance (AUC@3 16.39, ATE 5.98), suggesting
accurate encoding of temporal order and relative distances.

Window Size and Anchor Count. As shown in Tab. 7 on Oxford Spires
(518× 378), accuracy saturates beyond k=48 and is largely insensitive to n. We
thus adopt k=64, n=8, attaining the ATE of 5.3 at 20/12 FPS on an H800/RTX
4090.

5 Conclusion

We have presented GCT, a streaming foundation model for long-range 3D re-
construction from continuous visual input. At its core is Geometric Context
Attention (GCA), which decomposes the streaming state into three complemen-
tary context types, anchor, local pose-reference window, and trajectory memory,
inspired by the structure of classical SLAM systems but learned end-to-end. This
design reduces per-frame context growth by roughly 80× compared to causal
attention, enabling stable inference over long sequences at around 20 FPS.
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Appendix

A More Details

A.1 Training and Inference Details

The proposed network employs DINOv2 [49] Large as the backbone architecture,
followed by 24 attention blocks comprising frame attention and GCA layers.
Based on these extracted representations, a camera head and a depth head
subsequently predict the camera poses and depth maps. During the training
phase, optimization is performed using the AdamW optimizer. To effectively
reduce memory consumption and scale the model, we incorporate gradient check-
pointing alongside data and context parallelism. Specifically, the training process
consists of two distinct stages. In the first stage, the learning rate is set to
2 × 10−4, with the number of input views randomly sampled between 2 and
24. Subsequently, the second stage utilizes a lower learning rate of 5 × 10−5,
where the number of views increases linearly from 24 to 320. For inference on
long sequences exceeding this maximum training length, we adopt a keyframe
strategy operating with a specific stride. At the implementation level, the context
parallelism and attention mechanisms build upon TorchTitan [35] and Magi
Attention, respectively. Ultimately, the first frame consistently serves as the
default origin for the global reference coordinate system.

For sequences of super large-scale scenes, such as in Fig. 1(c) of the main
paper and in our demo video, the input is partitioned into overlapping local
windows. Within each window, an initial subset of frames is processed jointly to
establish a robust local scale and coordinate system, and the remaining frames
are processed causally via GCA with keyframe selection. At the end of each
window, the model state is reset. To fuse successive windows into a single global
trajectory, we compute a Sim(3) alignment between the overlapping regions of
consecutive windows, recovering the relative scale, rotation, and translation. This
enables GCT to process arbitrarily long sequences with bounded memory, at
the cost of additional drift introduced at each window boundary. All benchmark
metrics reported in the main paper are obtained directly from model predictions,
without adopting this mode.

A.2 Dataset Details

The dataset proportions across both training stages are detailed in Tab. 8.
During the first stage, we focus on training a general foundation model for
single scene. Consequently, we utilize datasets featuring unstructured small-
scale scenes or object-level captures to develop the fundamental reconstruction
capability of the model for individual scenarios. The second stage emphasizes the
streaming reconstruction capabilities of the model for large-scale environments
and long sequences. Therefore, we significantly increase the sampling weights
for TartanAir V1&V2 [80], TartanGround [52], MidAir [15], MatrixCity [31],
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Table 8. Dataset composition, data format, scene type, and sampling proportions
across the two training stages. Blank entries indicate that the dataset was not used in
that stage.

Dataset Format Scene Type Stage 1 Ratio (%) Stage 2 Ratio (%)

BlendedMVS [91] Multi-view Single 1.1 1.9
HyperSim [55] Multi-view Single 5.8 5.7
MegaDepth [32] Multi-view Multi 3.9 -
Unreal4K [70] Video Single 1.0 0.9
WildRGBD [83] Video Single 5.8 1.9
TartanAir [80] Video Multi 3.9 7.6
TartanAirV2 [80] Video Multi 5.8 10.8
TartanGround [52] Video Multi 5.8 10.8
Waymo [66] Video Multi - 0.9
PointOdyssey [99] Video Single 0.3 0.9
VirtualKITTI [4] Video Multi 0.8 1.9
Kubric [18] Video Single 0.3 0.9
DL3DV [39] Video Multi 11.0 5.7
MVS-Synth [21] Multi-view Single 1.7 -
GTA-SFM [76] Multi-view Single 1.7 -
CO3D [54] Multi-view Single 5.5 -
SceneRGBD [44] Video Single 7.3 5.7
Mapfree [1] Video Multi 3.9 1.5
Aria Synthetic [51] Video Single 7.3 5.7
ADT [51] Video Single 1.0 -
Objaverse [11] Mesh Single 2.7 -
Texverse [98] Mesh Single 2.7 -
ScanNet++ [94] Video Single 3.9 2.8
ScanNet [10] Video Single 1.9 2.8
MatrixCity [31] Video Multi 1.7 7.6
MidAir [15] Video Multi 2.9 5.7
KITTI-360 [36] Video Multi - 3.8
Internal Game Video Multi 10.6 10.8
Gibson [82] Mesh Multi - 1.3
Matterport3D [6] Mesh Multi - 1.2
HM3D [53] Mesh Multi - 1.2
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Waymo [66], VirtualKITTI [4], KITTI-360 [36], and our internal game datasets
to help the model acquire robust cross-scene reconstruction skills.

B More Results and Analysis

B.1 Robustness on Blurred or texture-less initialization.

…

Degenerate inputs Reconstruction results

Fig. 6. Blurred or texture-less ini-
tial frames examples.

We further explore the robustness of GCT
under challenging initialization conditions.
In particular, we consider degenerate ini-
tial frames with severe motion blur or
weak/texture-less visual cues, where reliable
geometric anchoring is difficult. We find that
such cases do not lead to obvious degrada-
tion in reconstruction quality. We attribute
this robustness to our random-start training
strategy, which exposes GCT to diverse and
occasionally suboptimal initial observations
during training, preventing the model from over-relying on clean or highly
textured starting frames. As shown in Fig. 6, GCT produces stable reconstruc-
tion results even in a challenging sequence initialized from motion-blurred and
texture-less frames.

B.2 Geometric Context Attention

We compare the accuracy and efficiency of the GCA module under two settings:
employing a pose-reference window with size 64 and utilizing all historical to-
kens. This experiment aligns with the main ablation study. During validation,
sequences of 320 frames are evaluated using a sampling stride of 8. Consequently,
the actual trajectory covers a temporal span of approximately 2,560 frames,
which imposes stringent demands on the global trajectory perception capabil-
ities of the model. As reported in Tab. 9, utilizing a pose-reference window of
size 64 in GCA significantly improves computational efficiency, increasing the
inference speed from 11.87 to 20.29 FPS and reducing memory consumption
from 36.06 GB to 13.28 GB. Furthermore, as the inference length increases,
the computational cost and memory footprint of the full window setting scale
prohibitively. Remarkably, the constrained context of the pose-reference window
also leads to improved global trajectory accuracy. Specifically, the pose-reference
window configuration achieves a lower ATE of 5.98, compared to 6.60 for the full
history approach, and decreases RPE-trans from 1.50 to 1.33. This demonstrates
that the essential context information GCA preserved exhibits strong resistance
to trajectory drift. This experiment indicates that retaining necessary context
information can effectively combat trajectory drift, further validating that our
GCA achieves a highly favorable trade-off between inference speed and precision.



Geometric Context Transformer for Streaming 3D Reconstruction 19

B
a
rn

Ig
n
a
ti

u
s

M
e
e
ti

n
g
ro

o
m

C
h
u
rc

h
-0

2
C

h
u
rc

h
-0

3
C

o
ll
e
g
e
-0

3

Video Frames TTT3R WinT3R GCT (Ours)

Fig. 7. Additional trajectory visualizations on the Tanks and Temples and Oxford-
Spires datasets. GCT predicts camera trajectories in a streaming manner and
consistently outperforms existing streaming methods (e.g., TTT3R and WinT3R).
Ground-truth trajectories are shown in blue, while predicted trajectories are shown
in orange. Start points are marked with •, and end points with ×.
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Video Frames TTT3R Wint3R GCT (Ours)

Fig. 8. Additional reconstruction visualizations on Oxford Spires and Hike [45]
Datasets.



Geometric Context Transformer for Streaming 3D Reconstruction 21

Table 9. The comparison of pose-reference window with full window.

Window Size ATE ↓ RPE-trans ↓ RPE-rot ↓ FPS↑ Mem (GB)↓

64 5.98 1.33 1.93 20.29 13.28
Full 6.60 1.50 1.71 11.87 36.06

B.3 More Qualitative Results on Trajectory

In Fig. 7, we visualize a qualitative comparison of the estimated trajectories with
those of the current state-of-the-art streaming methods. The results show that,
on the Tanks and Temples dataset and the Oxford Spires dataset, our trajec-
tory estimation is highly accurate and clearly outperforms the other streaming
methods.

B.4 More Qualitative Results on 3D Reconstruction

We visualize a qualitative comparison of the reconstruction results with those of
the current state-of-the-art streaming methods in Fig. 8. The results show that
our method produces markedly better and more stable reconstructions than the
other streaming methods. Our GCT is capable of processing 10K-frame-level
video sequences and handling scene changes more effectively.

B.5 Limitations

While GCT demonstrates strong performance on diverse benchmarks, several
limitations remain. First, GCT predicts the camera intrinsics directly and as-
sumes a standard pinhole model without accounting for lens distortion; its
accuracy may thus degrade on strongly distorted inputs, such as fisheye footage.
Second, the model currently does not incorporate explicit loop-closure detection,
which could further reduce accumulated drift when revisiting previously observed
regions. Third, like other feed-forward methods, our approach does not perform
test-time optimization, which could further refine the reconstruction quality in
challenging scenarios.
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