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Figure 1. Our proposed method and visual comparison. For very long videos, we advocate chunk-based processing where bidirectional
attention handles intra-chunk reasoning with inter-chunk alignment handled by our proposed hybrid memory module, composing Sliding
Window Attention (SWA) for detailed local memory and Test-Time Training (TTT) for compressed global context. LoGeR shows clear
improvement over prior methods on expansive VBR (Brizi et al., 2024) dataset, yielding superior loop closures and finer geometric details.

Abstract
Feedforward geometric foundation models achieve
strong short-window reconstruction, yet scaling them
to minutes-long videos is bottlenecked by quadratic
attention complexity or limited effective memory in
recurrent designs. We present LoGeR (Long-context
Geometric Reconstruction), a novel architecture that
scales dense 3D reconstruction to extremely long se-
quences without post-optimization. LoGeR processes
video streams in chunks, leveraging strong bidirec-
tional priors for high-fidelity intra-chunk reasoning.
To manage the critical challenge of coherence across
chunk boundaries, we propose a learning-based hybrid
memory module. This dual-component system com-

∗Project leads, †Direction lead

bines a parametric Test-Time Training (TTT) memory
to anchor the global coordinate frame and prevent scale
drift, alongside a non-parametric Sliding Window At-
tention (SWA) mechanism to preserve uncompressed
context for high-precision adjacent alignment. Re-
markably, this memory architecture enables LoGeR
to be trained on sequences of 128 frames, and gen-
eralize up to thousands of frames during inference.
Evaluated across standard benchmarks and a repur-
posed VBR dataset with sequences of up to 19k frames,
LoGeR substantially outperforms prior state-of-the-art
feedforward methods—reducing ATE on KITTI by
over 74%—and achieves robust, globally consistent
reconstruction over unprecedented horizons. Webpage:
https://LoGeR-project.github.io/.

1

https://LoGeR-project.github.io/


LoGeR: Long-Context Geometric Reconstruction with Hybrid Memory

1. Introduction
Large-scale dense 3D reconstruction has long been a cen-
tral goal in computer vision, underpinning many important
applications, from holistic scene understanding to gener-
ative world-building. For decades, classical optimization
frameworks dominated this landscape; and while capable
of reconstructing entire cities, they rely on computation-
ally intensive offline processes and often falter on sparse or
texture-less inputs. Recently, geometric foundation models
—such as DUSt3R (Wang et al., 2024), MonST3R (Zhang
et al., 2025a), VGGT (Wang et al., 2025a), and π3 (Wang
et al., 2026)— are driving a paradigm shift. By distilling
complex geometric priors from vast datasets, these mod-
els enable robust, feedforward inference even where clas-
sical methods fail. However, a critical gap remains. While
classical pipelines scale to cities, feedforward models are
currently confined to bounded scenes.

The primary obstacle to this scaling is twofold: a funda-
mental “context wall” inherent in current architectures and
a severe “data wall” during training. Architecturally, while
bidirectional attention is essential for learning complex ge-
ometric priors, its quadratic complexity restricts its use to
short-context windows. From a data perspective, current
models are predominantly trained on short-context “bub-
bles” (dozens to over a hundred frames), leaving them
fundamentally ill-equipped to integrate long-range depen-
dencies at inference time (thousands to tens of thousands
of frames). Consequently, inference-time heuristics like
FastVGGT (Shen et al., 2026), which successfully mitigate
memory bottlenecks, still fail to generalize to the large-scale
VBR dataset (Brizi et al., 2024), as shown in Figs. 1 and 3.

To overcome this data wall without waiting for the curation
of massive long-horizon datasets with the requisite diver-
sity and accuracy, we argue that end-to-end chunk-wise
processing is a practical and effective strategy. Decom-
posing the sequence ensures that local inferences remain
“in-distribution” relative to existing short-context training
data and allows us to leverage strong bidirectional, attention-
based baselines such as π3 (Wang et al., 2026). However,
this paradigm introduces a critical new challenge: managing
memory and coherence across chunk boundaries. Achieving
high-fidelity dense 3D reconstruction over long sequences
requires balancing three distinct levels of coherence: intra-
window details, uncompressed context for high-precision
local alignment, and global structural integrity over long
ranges. Existing sequential models fail to balance these
conflicting needs. For instance, recurrent approaches like
CUT3R (Wang et al., 2025b) compress all temporal con-
text into a single lossy hidden state, sacrificing the high-
precision dense information needed for seamless adjacent
alignment. Conversely, naive deterministic stitching pre-
serves local detail but lacks the long-range memory required
to prevent scale drift.

Table 1. Architectural trade-offs in sequence modeling. Our hy-
brid memory module achieves a balance, preserving lossless local
geometric details while maintaining global structural consistency
at a linear computational cost with respect to sequence length.

Mechanism Compute Cost Local Context Global Context

Full Attention O(N2) Lossless Lossless
Sliding Window Attn. O(N) Lossless Limited
TTT / Linear Attn. O(N) Compressed Compressed

Ours (Hybrid Memory) O(N) Lossless Compressed

These failures suggest that a single memory strategy is fun-
damentally insufficient. To bridge this gap, we propose a
learning-based hybrid memory module that maintains multi-
scale geometric coherence within a fixed compute budget.
As shown in Fig. 1, we formalize this via a dual-component
memory system: a non-parametric sliding window attention
(SWA) mechanism that preserves uncompressed local fea-
tures and high-fidelity detail for the most recent chunks, and
a parametric associative memory (Test-Time Training (Sun
et al., 2024)) that compresses global context. This hybrid
design effectively decouples these tasks: the long-range
parametric memory anchors the global coordinate frame to
prevent scale drift, while the short-range non-parametric
memory ensures seamless, high-precision transitions.

Furthermore, to evaluate these mechanisms at an unprece-
dented scale, we introduce a long-context reconstruction
benchmark derived from the VBR dataset (Brizi et al., 2024),
spanning up to 19k frames and 11.5 km in trajectory. Re-
markably, our architectural design enables the model to be
trained on sequences of 128 frames, generalize seamlessly
up to 1k frames during inference, and scale effectively up to
19k frames with periodic state resets and an optional feed-
forward pose-alignment. As shown in Fig. 1, LoGeR effec-
tively breaks both the context and data walls. It substantially
outperforms prior state-of-the-art feedforward methods on
KITTI, reducing the Absolute Trajectory Error (ATE) from
72.86 to 18.65, and achieves a 30.8% relative improvement
on the extremely long sequences of our VBR benchmark.

2. Related Work
Learning-based visual SLAM. Recent learning-based vi-
sual SLAM methods demonstrate outperforming classical
approaches (Mur-Artal et al., 2015; Mur-Artal & Tardós,
2017; Engel et al., 2014; Newcombe et al., 2011) by learn-
ing strong 3D priors from training datasets (Teed & Deng,
2021; Lipson et al., 2024; Li et al., 2025) or leveraging
powerful pretrained visual geometry models (Deng et al.,
2025; Maggio et al., 2025). Yet these methods retain (rel-
atively) expensive backends for graph construction, loop
closure, and global optimization. While slower than feed-
forward methods, such SLAM-based pipelines represent the
only viable approach for maintaining coherence over long
contexts. Here, we provide a fully feedforward alternative
that outperforms strong SLAM systems in our long-context
evaluation, without relying on any backend optimization.
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Feedforward 3D reconstruction. Recent work employs
feedforward models for 3D reconstruction, directly out-
putting pointmaps in a canonical space (Wang et al., 2024;
Leroy et al., 2024; Zhang et al., 2025a; Wang et al., 2025a;
2026). Despite achieving high-quality results, these meth-
ods can only process a limited number of input frames due
to high memory cost from global attention layers, hinder-
ing real-world applications (e.g. robotics or autonomous
driving) that require global consistency over long streams.

Long sequence reconstruction. Recent feedforward ap-
proaches tackle long sequence reconstruction using external
spatial memory (Chen et al., 2025; Wang & Agapito, 2025;
Wu et al., 2025; Lan et al., 2025), RNN-style persistent
state (Wang et al., 2025b), or efficiency-oriented VGGT
variants with sparse (Shen et al., 2026; Yuan et al., 2026) or
causal (Zhuo et al., 2026) attention. However, their lack of
demonstrated results on exceptionally long sequences (e.g.,
minute-long) leaves their scalability in sequence lengths
unverified. Concurrently, TTT3R (Chen et al., 2026) intro-
duces a confidence-based update for single-frame stream-
ing (Wang et al., 2025b). However, this frame-wise linear
approach lacks the expressivity to capture complex temporal
context or leverage the powerful multi-frame reasoning of
bidirectional backbones (Wang et al., 2025a; 2026).

To overcome this, LoGeR processes streams in a chunk-wise
manner. Unlike frame-wise updates, our design uniquely
preserves the high-fidelity multi-frame reasoning power of
bidirectional backbones while leveraging a hybrid memory
mechanism to propagate information across chunks.

Memory for long-context modeling. Efficient long-
sequence architectures revisit recurrent/state-space mod-
els (Gu et al., 2022; Gu & Dao, 2024) and linear atten-
tion (Katharopoulos et al., 2020; Schlag et al., 2021) to
reduce the quadratic cost of Transformers. A complemen-
tary line of work uses local attention (e.g., sliding-window
attention) (Beltagy et al., 2020; Zaheer et al., 2020) to pre-
serve high-fidelity short-range interactions, but such designs
have limited access to global context. Recently, fast-weight
mechanisms such as Test-Time Training (TTT) (Sun et al.,
2024; Zhang et al., 2025b) treat memory as an evolving pa-
rameter state, enabling compact accumulation of long-range
information, albeit with an inherent compression trade-off.
As summarized in Tab. 1, these individual mechanisms in-
herently trade off computational cost, local context preser-
vation, and global context accessibility.

While hybrid architectures in language models frequently
combine these efficient mechanisms with full global atten-
tion to maintain performance (e.g., Longformer (Beltagy
et al., 2020) or Jamba (Lenz et al., 2025)), the extreme token
density in dense vision prediction tasks makes this compu-
tationally prohibitive. Our method therefore introduces a
hybrid memory that remains linear in sequence length, syner-

gizing non-parametric SWA for precise adjacent alignment
with parametric TTT for long-range global consistency.

Dataset. Existing training datasets include both real (ARK-
itScenes, DL3DV (Ling et al., 2024), MegaDepth (Li &
Snavely, 2018), ScanNet (Dai et al., 2017), Waymo (Schwall
et al., 2020)) and synthetic ones (HyperSim (Roberts et al.,
2021), Spring (Mehl et al., 2023), TartanAir (Wang et al.,
2020), TartanAirV2 (Patel et al., 2025), UnReal4K (Ale-
otti et al., 2021), Virtual KITTI 2 (Cabon et al., 2020),
OmniWorld-Game (Zhou et al., 2025)). ScanNet and TUM
are popular evaluation benchmarks. However, these datasets
are fundamentally limited in scale—both temporally and
spatially. Even though some sequences may contain up to a
thousand frames, they typically capture spatially bounded,
room-scale environments. To truly evaluate long-context
geometric reconstruction in expansive spaces, we adapt the
VBR dataset for our evaluation. Spanning from 8,815 to
18,846 frames and covering extensive spatial trajectories
up to 11.5 km, this benchmark presents a significant chal-
lenge for existing methods. Our chunk-wise formulation
allows models trained on these limited datasets to generalize
effectively to the expansive VBR benchmark.

3. Preliminary
We first provide the technical background for our approach.

3D reconstruction models. Existing methods often em-
ploy bidirectional transformer architectures to capture com-
plex geometric information. Given a set of N multi-view
images or video frames as input I = {Ii}Ni=1, where
Ii ∈ RH×W×3, the transformer predicts geometry as lo-
cal pointmaps Pi ∈ RH×W×3 in local camera coordinates,
alongside camera poses ci ∈ R4×4 in global world coor-
dinates. While effective for short context, the transformer-
based methods are limited to bounded scenes.

Test-Time Training (TTT). TTT (Sun et al., 2024) intro-
duces an architectural component designed to store useful
context from prior forward calls of the model. It achieves
this using fast weights, a set of parameters updated dur-
ing both train and inference time. This contrasts with the
model’s base parameters, or slow weights, which remain
frozen during inference.

Let x = [x1, x2, . . . , xN ] be a 1D sequence of tokens where
each token xi ∈ Rd. Following standard attention mech-
anism, each input token xi is then projected into queries
qi, keys ki, and values vi, with qi, ki, vi ∈ Rd. Formally,
TTT defines a neural network fW (·) : Rd → Rd parameter-
ized by the fast weights W , which are then utilized in two
operations.

Update operation: W ←W − η∇WL
(
fW (k),v

)
(1)

where η is the learning rate and L(·, ·) is a loss function be-
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Figure 2. Overview of a single block of our hybrid memory
module. We process the input sequence in consecutive chunks of
frames. While each block utilizes frame and bidirectional attention
from prior work, we introduce new components to effectively
propagate information across the entire sequence. Specifically,
we incorporate Sliding Window Attention to improve consistency
between neighboring chunks, and Test-Time Training layers to
maintain long-range, global consistency across all chunks.

tween the transformed key fW (k) and the value v. This loss
encourages the function fW to link keys with corresponding
values, conceptually trying to encode the KV cache into the
W matrix as a form of neural memory.

Apply operation: o = fW (q), (2)

where the updated fast weights W process the query q to
compute the output vector o. The per-token TTT layer
iteratively performs the update and applies operations on
each token xi in sequence. Following previous literature, we
implement the fast weight architecture using SwiGLU layer
and employ the Muon optimizer (Jordan et al., 2024) for the
test-time updates. While TTT can compress and propagate
information for long contexts with linear complexity, its
compressed memory is inherently lossy. Next, we will
introduce our hybrid-memory approach that uses different
memory mechanisms to handle geometric information at
various time scales over a long context.

4. Approach
4.1. Long-Context 3D Reconstruction Architecture

Motivation. To scale feedforward dense 3D reconstruction
to minutes-long videos, we must overcome the quadratic
complexity of global attention and the scarcity of long-
horizon training data. End-to-end chunk-wise processing
emerges as the natural solution: it tightly bounds the compu-
tational cost and ensures that local inferences remain within
the distribution of existing short-context training data. How-
ever, independently processing chunks inherently breaks

global consistency. Therefore, we need a feedforward archi-
tecture that simultaneously provides: (i) strong local bidi-
rectional reasoning within a short chunk to preserve dense
geometric fidelity, (ii) a lossless short-range information
highway to preserve high-precision geometric alignment
across adjacent chunk boundaries, and (iii) a linear-time,
fixed-size memory mechanism for long-range global propa-
gation across thousands of frames.

Overview. We process input video streams sequentially
by chunk, as shown in Figs. 1 and 2. Given a video X =
{It}Tt=1, we partition it into M chunks, {Cm}Mm=1, with
minimal overlap (e.g., a single overlapping frame). Each
chunk Cm comprises a potentially variable number of frames
Cmj , where j indexes the frames within the chunk. Within
each chunk, we employ a strong bidirectional geometry
backbone (e.g., VGGT or π3) to obtain high-quality dense
predictions. To propagate information across chunks, we
introduce two complementary mechanisms:

(1) Long-term, lossy compression via chunk-wise TTT. We
insert TTT layers that maintain a set of fast weights W
across a large number of chunks. Aligning with our chunk-
wise processing, we utilize Large-Chunk Test-Time Training
(LaCT) (Zhang et al., 2025b), which has been shown to be
more efficient than standard TTT. During inference, the
weights undergo both update and apply operations for each
chunk. In the apply operation, the TTT layers use historical
information stored in the weights to modulate the network’s
processing of the current chunk. In the update operation,
the weights are edited to store information from the current
chunk, conceptually compressing important but redundant
geometric information, e.g., coarse geometry and scale of
the scene. While these fast weights theoretically offer an
infinite receptive field, their practical capacity is inherently
bounded by the training context length. To prevent drift over
extremely long horizons, we optionally employ periodic
state resets during inference (detailed in Sec. 5.1).

(2) Short-term, lossless transfer via sliding-window atten-
tion (SWA). Relying solely on TTT-style state passing is in-
herently lossy, which is problematic for dense 3D reconstruc-
tion where geometric consistency across adjacent frames is
critical. To mitigate this, we sparsely insert sliding-window
attention layers that attend to the tokens output by the frame
attention layer from both the previous and current chunks,
i.e., Cm−1 ∪ Cm. This establishes a lossless information
highway that directly propagates high-fidelity features from
the previous chunk. Importantly, this operation remains
efficient with bounded compute and memory, as sliding win-
dow attention is applied only between neighboring chunks
and inserted at a subset of network depths (only four layers).

These two cross-chunk pathways are complementary: TTT
provides scalable long-range memory, while SWA ensures
fine-grained geometric consistency across adjacent chunks.
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Block structure. The geometry backbone first patchifies
images into tokens and feeds them into a stack of residual
network blocks. In each network block, we introduce our
hybrid memory system as shown in Fig. 2. Denote slow
weights (frozen at inference) by θ. Let Cm be a chunk of
frames Cm1 , . . . , Cmn ; HCm

i be the token sequence specific
to the frame Cmi ; HCm

be the full token sequence entering a
block for chunk m; and LN(·) denote LayerNorm. We list
the detailed structure of one block below:

(1) Per-frame attention. We apply self-attention indepen-
dently to each frame’s tokens to extract spatial features:

HCm

← HCm

+[Attnframe

(
LN(HCm

i ); θ
)
, |i ∈ {1, . . . , n}]

(3)
where [] is the concatenation operator.

(2) Sparse sliding-window attention (SWA) over Cm−1 and
Cm. To align adjacent chunks, we insert SWA layers at a
subset of depths (only 4 layers) to stay compute-bound:

HCm

← HCm

+Attnswa

(
[LN(HCm−1

),LN(HCm

)]; θ
)
.

(4)
(3) Chunk-wise TTT layer (fast weights). To integrate global
context, we maintain a set of fast weights Wm that summa-
rize information up to chunk m. The TTT layer performs
an apply-then-update procedure at the chunk level. We use
pre-norm inside TTT to stabilize long-horizon streaming.

Apply: H̃Cm

= HCm

+ fWm

(
LN(HCm

)
)
, (5)

Update: Wm+1 = U
(
Wm; HCm

)
, (6)

where fWm(·) is the fast-weight module (e.g., a SwiGLU
MLP) parameterized by Wm, and U(·) denotes the on-
line update rule (e.g., a gradient-based update with a self-
supervised objective). Intuitively, the apply step injects the
current memory into token representations, while the update
step writes the chunk’s summary into W for the next chunk.

(4) Chunk-wise bidirectional attention within chunk Cm.
Finally, within each chunk, we employ a bidirectional at-
tention module for powerful geometric reasoning under a
bounded context window. The updated representation HCm

then serves as the input to the subsequent network block:

HCm

← H̃Cm

+BiAttnchunk

(
LN(H̃Cm

); θ
)
. (7)

Prediction heads. After the final residual block, we attach
lightweight decoders—a pointmap decoder and a camera-
pose decoder—following π3, to produce the final dense
pointmap predictions and per-frame camera poses.

4.2. Learning Objectives

Objective. We follow π3 (Wang et al., 2026) and train
LoGeR with (i) a scale-invariant local pointmap loss and

VGGT      FastVGGT  Ours

Small # of frames,
Small scale scene

(DL3DV)

Large # of frames,
Large scale scene

(VBR)
OOM

Large # of frames,
Small scale scene

(DL3DV)
OOM

Failed

Figure 3. Comparison of different methods across varying se-
quence lengths and scene scales. Although FastVGGT is able to
process a larger number of frames during inference, it fails com-
pletely on large-scale scenes, highlighting the inherent “data wall”
of models trained strictly on short-context bubbles. In contrast,
LoGeR breaks both the context and data walls by pairing a hybrid
memory architecture with diverse long-horizon training data.

(ii) an affine-invariant relative pose loss, where the losses
do not require a reference view. We align the predicted
local pointmaps with a single per-sequence scale s∗ as in
MoGe (Wang et al., 2025c), and compute a reconstruction
loss, normalized by depth values, over all pixels. To further
over-constrain long-sequence training, we additionally im-
pose a global pointmap loss on world-coordinate pointmaps
obtained by transforming local pointmaps using the pre-
dicted camera poses.

Llocal=
1

N |Ω|

N∑
i=1

∑
p∈Ω

1

zi,p

∥∥ s∗x̂i,p − xi,p

∥∥
1
, (8)

Lpose=
∑

(i,j)∈P

(
λrLrot(R̂ij ,Rij)+λt

∥∥ s∗t̂ij−tij ∥∥Huber

)
,

(9)

Lglobal=
1

N |Ω|

N∑
i=1

∑
p∈Ω

∥∥Π(T̂i, x̂i,p)−Π(Ti, xi,p)
∥∥
1
,

(10)

L=Llocal + Lpose + λglobalLglobal. (11)

Here, N is the number of frames used in the supervision
set, Ω is the pixel index set (so |Ω| = HW ), x̂i,p ∈ R3 and
xi,p ∈ R3 denote predicted and ground-truth local point co-
ordinates at pixel p in frame i, and zi,p is the corresponding
depth for normalization. T̂i = [R̂i | t̂i] ∈ SE(3) is the
predicted camera pose, and R̂ij , t̂ij denote the predicted
relative motion between frames i and j (defined analogously
for ground truth). P is the set of supervised frame pairs (e.g.,
pairs within a chunk and/or overlap pairs across different
chunks). Π(T,x) maps a local point x to world coordinates
using pose T.

LoGeR∗ feedforward alignment. Despite having TTT and
SWA, very long streams may still accumulate prediction
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Table 2. Comparison of Absolute Trajectory Error (ATE↓, m) on KITTI. The top and bottom blocks denote optimization-based
and feedforward methods, respectively. Bold and underline indicate the best and second-best performance among feedforward methods.
LoGeR* denotes a variant of our method with feedforward pose alignment for both training and inference.

Methods 00 01 02 03 04 05 06 07 08 09 10 Avg.
num. of frames, scale 4542, 3.7km 1101, 2.5km 4661, 5.1km 801, 0.6km 271, 0.4km 2761, 2.2km 1101, 1.2km 1101, 0.7km 4071, 3.2km 1591, 1.7km 1201, 0.9km -
Contains Loop? ✓ × ✓ × × ✓ ✓ ✓ × ✓ × -

O
pt

.-b
as

ed DROID-SLAM (Teed & Deng, 2021) 92.10 344.60 107.61 2.38 1.00 118.50 62.47 21.78 161.60 72.32 118.70 100.28
DPV-SLAM (Lipson et al., 2024) 112.80 11.50 123.53 2.50 0.81 57.80 54.86 18.77 110.49 76.66 13.65 53.03
DPV-SLAM++ (Lipson et al., 2024) 8.30 11.86 39.64 2.50 0.78 5.74 11.60 1.52 110.90 76.70 13.70 25.75
VGGT-Long (Deng et al., 2025) 8.67 121.17 32.08 6.12 4.23 8.31 5.34 4.63 53.10 41.99 18.37 27.64

Fe
ed

fo
rw

ar
d

FastVGGT (Shen et al., 2026) OOM 639.39 OOM 21.53 9.51 OOM 40.56 51.35 OOM 201.54 196.22 –
InfiniteVGGT (Yuan et al., 2026) 186.46 623.62 289.16 166.74 68.00 143.84 117.57 85.33 221.56 215.41 156.92 206.78
CUT3R (Wang et al., 2025b) 190.38 90.59 264.39 20.40 7.31 92.25 67.54 22.48 145.08 67.42 40.00 91.62
TTT3R (Chen et al., 2026) 119.94 99.59 238.07 16.83 3.98 36.38 47.20 11.62 107.33 86.96 33.58 72.86

Pi3-Chunk (Proposed Baseline) 26.65 196.04 157.92 5.13 1.09 12.79 27.66 5.94 61.26 56.31 21.96 52.07
LoGeR (Ours) 62.34 41.64 39.64 4.89 1.82 41.27 13.99 16.24 26.46 22.71 8.84 25.44
LoGeR* (Ours) 30.47 47.91 36.32 5.38 1.95 26.34 6.60 5.55 24.41 10.12 10.11 18.65
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Figure 4. Quantitative results on our proposed VBR (Brizi et al.,
2024) evaluation showing results on very long sequences spanning
from 1,000 to 19,000 frames. Our methods achieve 30.8% more
accurate results than prior methods.

errors. To mitigate this, we introduce LoGeR∗, a variant
that incorporates a purely feedforward alignment step to
align raw predictions into a consistent global coordinate
system. Let T̂(m)

k denote the raw predicted pose of the
overlapping frame k within the current chunk Cm, and let
T̃(m−1) denote the aligned poses of chunk Cm−1 (initial-
ized as T̃(1) = T̂(1)). We compute a rigid SE(3) alignment
Am that maps the current chunk Cm to the aligned coordi-
nate system of the previous chunk Cm−1 using the overlap:
Am = T̃

(m−1)
k

(
T̂

(m)
k

)−1
. This transformation is applied

to all frames in Cm:

T̃
(m)
t = Am T̂

(m)
t , ∀t ∈ Cm. (12)

We use T̃(m)
t as the final camera pose prediction of LoGeR∗

for both training and inference.

4.3. Data and Curriculum

The “Data Wall”. We posit that architectural improve-
ments alone are insufficient for infinite-context reconstruc-
tion. As shown in Fig. 3, we observe that strong base-
lines like VGGT (Wang et al., 2025a), even when equipped
with inference-time architectural efficiency improvement

(FastVGGT (Shen et al., 2026)), fail to generalize to large-
scale scenes when trained solely on short-context or small-
scene-scale data. To overcome this “data wall”, we construct
a training mixture heavily weighted towards large-scale-
scene datasets, e.g., TartanAirV2 (Patel et al., 2025), which
provides the necessary long-horizon signal for learning ef-
fective geometry compression.

Curriculum Training. Crucially, to stabilize the optimiza-
tion of recurrent TTT layers, we employ a progressive
curriculum strategy. By starting with easier sequences and
progressively increasing complexity, we force the model to
shift reliance from local Sliding Window Attention to the
global TTT hidden state. Our schedule proceeds in three
stages: (1) we begin with 48 frames split into 4 chunks;
(2) we gradually increase chunk density to 12 chunks while
maintaining fixed sequence length; and (3) leveraging H200
GPUs, we scale the context length to 128 frames, progres-
sively increasing to 20 chunks. For LoGeR∗, we initialize
from the first-stage model, integrate the feedforward align-
ment, and fine-tune through the remaining curriculum. This
strategy not only improves training efficiency by reducing
train-time rollout overhead, but also boosts final perfor-
mance, as in the ablation study in Secs. 5.3 and 6.

5. Experiments
Implementation details. We train our model on a
mixture of real and synthetic datasets, including ARK-
itScenes (Baruch et al., 2021), DL3DV (Ling et al., 2024),
HyperSim (Roberts et al., 2021), MegaDepth (Li & Snavely,
2018), ScanNet (Dai et al., 2017), ScanNet++ (Yesh-
wanth et al., 2023), Spring (Mehl et al., 2023), Tar-
tanAir (Wang et al., 2020), TartanAirV2 (Patel et al., 2025),
UnReal4K (Wang et al., 2023), Virtual KITTI 2 (Cabon
et al., 2020), Waymo (Schwall et al., 2020), and a sub-
set of OmniWorld-Game. We optimize the model with
AdamW (Loshchilov & Hutter, 2019) for 40k steps with
a batch size of 32. The training process requires approx-
imately two days on 32 NVIDIA H100 GPUs, followed
by another two days on 32 H200 GPUs. We initialize the
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Figure 5. Qualitative camera trajectories on the VBR dataset. LoGeR accurately preserves global scale and trajectory over very long
sequences, closely matching the ground truth where prior methods suffer from severe drift.
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Figure 6. 3D reconstruction result on 7scenes.
Both our proposed baseline and LoGeR signifi-
cantly outperform prior work by 69.2%.

         TTT3R           Pi3-Chunk                  Ours
Figure 7. Qualitative results on 3D reconstruction for the 7scenes dataset demon-
strating the LoGeR outperforms both our baseline and prior work TTT3R. LoGeR
accurately reconstructs the bookshelf, while both our proposed strong baseline and
TTT3R cause large distortions.

weights of the patchifier, frame attention, and chunk-wise
bidirectional attention modules from π3 (Wang et al., 2026).
All the evaluation is done on a NVIDIA A100 40GB. See
more details in Appendix Secs. A.1 to A.3.

5.1. Evaluation on Long Sequences

Benchmarks. As shown in Fig. 3, for large-scale geometric
reconstruction, evaluation must be conducted on expansive
scenes. To this end, we evaluate our method on two long-
sequence benchmarks. First, we use the standard KITTI
benchmark (Geiger et al., 2012), which contains sequences
up to 4,661 frames and trajectory lengths up to 5 km. To
further challenge the robustness of our method on even more
complex and longer trajectories, we identify and repurpose
the VBR dataset (Brizi et al., 2024). This dataset consists
of video sequences taken from Rome with paired ground
truth 3D reconstructions derived from refined LiDAR point
clouds and bundle-adjusted camera poses. Specifically, we
use 7 sequences ranging from 8,815 to 18,846 frames and
covering distances between 1.4 km and 11.5 km. We report
the Absolute Trajectory Error (ATE) of the predicted trajec-
tory with respect to the ground truth after Umeyama align-
ment (Umeyama, 1991), following standard protocols (Teed
& Deng, 2021; Lipson et al., 2024).

Baselines. We conduct a comprehensive comparison against
both optimization-based and feedforward approaches. For
optimization-based methods, we compare with classic dense
SLAM systems such as DROID-SLAM (Teed & Deng,

2021) and DPV-SLAM (Lipson et al., 2024), as well as
recent foundation-model-based approaches like VGGT-
SLAM and VGGT-Long (Wang et al., 2025a). For feed-
forward methods, we evaluate recurrent architectures in-
cluding CUT3R (Wang et al., 2025b) and TTT3R (Chen
et al., 2026), alongside bidirectional models such as
FastVGGT (Shen et al., 2026) and autoregressive ap-
proaches like InfiniteVGGT (Yuan et al., 2026). For CUT3R
and TTT3R, we adopt the reset algorithm as proposed in
TTT3R to obtain a reasonable result. For our method, we
also reset the fast weights in the TTT layers after every
five windows to avoid error accumulation within a fixed
size of state (Ruiz & Gu, 2025). Note, we also apply the
feedforward pose alignment when doing a reset. See Ap-
pendix Sec. A.4 for more details. Based on the philosophy
of chunk-causal, we also propose a simple baseline built on
top of π3 for long sequence reconstruction. Specifically, we
process the input in a chunk-wise manner as in LoGeR, and
then compute a SIM(3) transformation based on the over-
lapping frames to stitch the predictions of different chunks
together. We name this new baseline Pi3-Chunk. See more
details in Appendix Sec. A.5.

Results. Quantitatively, both LoGeR and our proposed base-
line, Pi3-Chunk, significantly outperform existing feedfor-
ward methods on the KITTI benchmark (Tab. 2). Notably,
LoGeR achieves an average performance that surpasses
even the strongest optimization-based method, VGGT-Long,
by 32.5%. This advantage is particularly evident on open-
loop trajectories (i.e., 01, 03, 04, 08, and 10), where our

7
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Figure 8. Qualitative results on ScanNet and TUM-Dynamics. While the proposed Pi3-Chunk baseline yields slightly better pose
metrics on small-scale TUM sequences (unlike its severe drift on longer trajectories), LoGeR produces visually superior reconstructions.
As highlighted, LoGeR accurately recovers structural details, avoiding the severe distortions and geometric artifacts present in baselines.
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Figure 9. Quantitative results on camera pose evaluation, demonstrating that both our proposed baseline and LoGeR substantially
outperform prior work, with 80.0% and 66.1% relative gains on ScanNet and TUM datasets, respectively.

method effectively mitigates accumulated drift without re-
lying on loop closure. On the VBR benchmark, consis-
tent improvements are observed quantitatively in Fig. 4 and
qualitatively in Fig. 5. While Pi3-Chunk yields slightly
better results at shorter horizons (e.g., 1k frames), the ad-
vantage of LoGeR becomes increasingly prominent as the
sequence length grows. This is because Pi3-Chunk relies on
local overlapping frames for SIM(3) scale estimation, caus-
ing scale errors to accumulate exponentially over extended
distances. In contrast, LoGeR’s TTT module inherently
anchors the global scale. This is further evidenced by quali-
tative visualizations, where LoGeR maintains global scale
consistency up to 20k frames, whereas the baseline exhibits
severe scale drift in such extremely long sequences. See
Appendix Secs. B.3 to B.5 for more long sequence results.

5.2. Evaluation on Short Sequences

Following TTT3R, we extend our evaluation to shorter se-
quences (up to 1k frames). First, we evaluate 3D point-
cloud reconstruction on 7-Scenes (Shotton et al., 2013) with

sequence lengths ranging from 50 to 500 frames. Sub-
sequently, we evaluate camera pose estimation on Scan-
NetV2 (Dai et al., 2017) and TUM-Dynamics (Sturm et al.,
2012) for sequence lengths ranging from 50 to 1k frames.
For all experiments in this section, we use a chunk size of
64 and an overlap of 3 frames. We compare our approach
with other learning-based sub-quadratic baselines, including
explicit-state methods such as Point3R and implicit state-
space models such as CUT3R, TTT3R, and StreamVGGT.
Additionally, we include comparisons with bidirectional
baselines, specifically VGGT and π3. Results for 7-Scenes
are presented in Figs. 6 and 7, while results for ScanNetV2
and TUM-Dynamics are shown in Figs. 8 and 9. Across all
comparisons, both our proposed baseline and LoGeR sig-
nificantly outperform prior work. See Appendix Secs. B.1
and B.2 for more evaluation on short sequences.

5.3. Ablation Study

In this section, we validate the effectiveness of our proposed
hybrid architecture, data mixture, and training curriculum.
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LoGeR     w/o SWA     w/o TTT
Figure 10. Ablation of disabling SWA or TTT at inference time. SWA ensures geometric consistency between adjacent chunks
(local consistency), and lacking it causes noticeable local misalignment artifacts. Meanwhile, TTT maintains the global context (global
consistency); without it, the model suffers from severe trajectory drift over long horizons.

For computational efficiency, all ablation models are trained
with a reduced number of frames compared to the final
model and evaluated on a subset of ScanNet and the TUM-
Dynamics dataset. Quantitative results are in Tab. 3.

Architecture Design. First, we assess the contribution of
the two core memory components: the TTT layer and the
SWA layer. As shown in the first block of Tab. 3, removing
either component leads to a noticeable performance drop
in ATE, confirming that the hybrid design is essential for
robust state estimation. To further intuit the role of each
module, we provide a qualitative comparison in Fig. 10,
where we selectively disable the SWA or TTT layers of a
trained LoGeR model at inference time. Visualizing the
trajectory demonstrates that both components are critical:
TTT ensures global consistency, while SWA maintains local
smoothness, and lacking either results in significant drift or
geometric degradation.

Dataset Mixture. Next, we verify the necessity of including
large-scale navigation datasets to overcome the “data wall”.
We train a variant of our model by excluding five specific
large-scale datasets: TartanAir, TartanAirV2, Waymo, Vir-
tual KITTI 2, and OmniWorld-Game. The results in the
second block of Tab. 3 show that the model trained on the
full data mixture significantly outperforms the one trained
without these large-scale sources, validating our hypothesis
that diverse, long-horizon data is key to generalization.

Curriculum Training. Finally, we analyze the impact of
our progressive curriculum strategy. We compare the stan-
dard training schedule against our curriculum approach for
both LoGeR and LoGeR*. As reported in the bottom blocks
of Tab. 3, the curriculum strategy consistently improves per-
formance across both model variants and datasets, demon-
strating its effectiveness in stabilizing the optimization of
recurrent layers and feedforward alignment.

6. Conclusion
We addressed the limitations of long-sequence estimation
for feedforward 3D geometry models by introducing LoGeR,
a complementary hybrid architecture combining Sliding
Window Attention (SWA) with Test-Time Training (TTT)
layer. Validated on our benchmark, LoGeR processes thou-

Table 3. Comparison of baseline and ablation results across
ScanNet (subset) and TUM datasets. We report the results of ATE
(↓) on both 500 and 1000 frames of sequences.

ScanNet TUM

Method 500f 1000f 500f 1000f

LoGeR 0.087 0.107 0.033 0.050
w/o TTT 0.108 0.162 0.043 0.079
w/o SWA 0.115 0.143 0.039 0.053

All datasets 0.087 0.107 0.033 0.050
w/o 5 large datasets 0.102 0.156 0.050 0.072

LoGeR 0.087 0.107 0.033 0.050
w/o curriculum 0.098 0.133 0.049 0.062

LoGeR* 0.070 0.080 0.031 0.036
w/o curriculum 0.078 0.093 0.029 0.040

sands of frames without optimization, outperforming other
methods on long-sequence reconstruction with various rep-
resentations, e.g., explicit memories, recurrent states, or
causal attention. Our work opens new avenues for long-
context spatio-temporal reasoning in dynamic scenes, video
understanding, and robotics.

Discussion and Future work
Our findings open several promising future directions. First,
while TTT fast weights have a fixed memory footprint that
theoretically allows infinite context, in practice they strug-
gle to generalize beyond the number of chunks they were
trained with (Ruiz & Gu, 2025), restricting their effective
range to the training context length (which is constrained by
hardware memory budgets). Exceeding this on extremely
long sequences (e.g. > 1, 000 frames) causes error accu-
mulation and trajectory drift. Preventing this currently re-
quires periodic state resets that sacrifice long-term context.
We hope future linear sequence models will resolve this
length-generalization bottleneck. Second, the availability
of expansive, high-quality training data remains a signif-
icant bottleneck, described as the “data wall” discussed
in Sec. 4.3. We hope future community efforts will focus
on curating more diverse, long-horizon datasets. Finally,
we aim to extend our hybrid memory architecture (SWA
+ TTT) beyond geometric reconstruction, exploring its po-
tential in other domains that demand both long-term global
consistency and strong local dependencies.
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Zhou, Q., and Osep, A. Vgg-t3: Offline feed-forward 3d
reconstruction at scale. In CVPR, 2026.
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A. Additional Implementation Details
A.1. Details of Training Data

To train our model to effectively handle long-context ge-
ometric reconstruction, we utilize a diverse mixture of 14
large-scale datasets, encompassing both real-world and syn-
thetic scenes across indoor, outdoor, and autonomous driv-
ing environments.

To standardize the inputs for our chunk-wise architecture,
all datasets are processed into multi-view sequences con-
sisting of 48 views (or 128 views for the training stage on
H200 GPUs) with a uniform resolution of 504× 280. The
sampling strategy follows CUT3R (Wang et al., 2025b). Fur-
thermore, to ensure the quality of geometric supervision, we
apply rigorous depth filtering across all datasets. Depending
on the dataset characteristics (whether metric scale or not),
we utilize either a maximum depth threshold (e.g., 80.0 me-
ters for ARKitScenes and ScanNet) or a percentile-based
clipping strategy (e.g., 90th or 98th percentile for DL3DV
and TartanAir) to mask out noisy or invalid depth values.

As discussed in the main text, overcoming the “data wall”
requires providing the model with sufficient long-horizon
signals and diverse scene priors. To achieve this, we con-
struct our training mixture by heavily weighting large-scale
navigation datasets (e.g., TartanAirV2 and VKITTI2) to en-
courage long-range geometric reasoning. While DL3DV
does not feature extremely long spatial trajectories like the
navigation datasets, we also assign it a correspondingly high
sampling weight due to its exceptional real-world scene
diversity, which is critical for model generalization. Con-
versely, we down-weight smaller or object-centric datasets.
Additionally, we note that at the time of training, only a sub-
set of 5,000 sequences from the OmniWorld-Game dataset
was publicly released, which comprises the portion we uti-
lized in our mixture. The complete list of datasets and their

Table 4. Training data mixture. We list the datasets used in
our final training configuration along with their relative sampling
percentages. Navigation and large-scale scene datasets are heavily
weighted to encourage long-range geometric reconstruction.

Dataset Percentage (%)

DL3DV (Ling et al., 2024) 17.89
TartanAirV2 (Patel et al., 2025) 17.89
OmniWorld-Game (subset) (Zhou et al., 2025) 17.89
ARKitScenes (Baruch et al., 2021) 10.44
TartanAir (Wang et al., 2020) 8.94
Waymo (Schwall et al., 2020) 6.71
ARKitScenes HighRes (Baruch et al., 2021) 4.18
MegaDepth (Li & Snavely, 2018) 4.18
ScanNet (Dai et al., 2017) 4.18
ScanNet++ (Yeshwanth et al., 2023) 3.13
Virtual KITTI 2 (Cabon et al., 2020) 2.24
HyperSim (Roberts et al., 2021) 2.08
Spring (Mehl et al., 2023) 0.22
UnReal4K (Wang et al., 2023) 0.04

relative sampling percentages is summarized in Tab. 4.

A.2. More Architecture Details

The base network architecture is similar to π3 (Wang
et al., 2026), comprising a DINO-based patchifier, 18 resid-
ual blocks, and dedicated prediction heads for the local
pointmap, global camera pose, and confidence map.

We insert a TTT layer into each of the 18 residual blocks,
while the SWA layers are sparsely integrated only at the 6th,
10th, 14th, and 18th blocks. These SWA layers are initial-
ized from the corresponding global attention layers in π3.
Furthermore, to provide temporal context within the SWA
layers, we add three learnable positional embedding tokens
to the frame representations. These tokens explicitly indi-
cate whether a frame overlaps with the previous chunk, has
no overlap, or overlaps with the subsequent chunk. The TTT
layer features a head dimension of 512 and an intermediate
layer with an expansion factor of 4. In terms of model size,
the base network contains approximately 954M parameters,
while the introduced TTT and SWA layers account for an
additional 296M parameters.

A.3. More Training Details

Optimization and Hyperparameters. We optimize our
model using AdamW with momentum parameters β =
(0.9, 0.999). During training, we freeze the encoder and the
prediction heads to retain their pre-trained feature represen-
tations. We apply decoupled learning rates: 5 × 10−4 for
the newly introduced TTT and SWA layers, and a smaller
learning rate of 1× 10−5 for the unfrozen parameters of the
base network. To prevent overfitting while maintaining train-
ing stability, we employ a selective weight decay strategy
with a factor of 0.05. Specifically, weight decay is exclu-
sively applied to multi-dimensional parameter tensors (i.e.
≥ 2 dimensions, such as weight matrices in linear or con-
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volutional layers). One-dimensional or scalar parameters,
including biases and normalization scale/shift parameters
(e.g., in LayerNorm), remain undecayed. This practice pre-
vents the disruption of normalization statistics and preserves
network expressivity. For the training objective, the loss
weights are empirically set to λr = 0.1 for rotation, λt = 10
for translation, and λglobal = 1 for the global pointmap.

Training Schedule and Curriculum. We use a cosine
learning rate decay schedule with a warmup of 1,000 steps.
To progressively build the model’s capacity for long-context
reasoning, our curriculum training is split into two hardware-
specific stages. In the first stage, we train the model for
25,000 steps on NVIDIA H100 GPUs using a fixed sequence
length of 48 frames. Over this stage, we linearly decrease
the chunk size (the number of frames per chunk) from 12 to
4, and the overlap size from 3 to 1, effectively increasing the
number of recurrent steps. In the second stage, we leverage
NVIDIA H200 GPUs to train for an additional 15,000 steps,
extending the total sequence length to 128 frames. During
this phase, we linearly decrease the chunk size from 12 to 8,
and the overlap size from 3 to 2.

Efficiency Implementations. Given the extreme memory
demands of unrolling long sequences and maintaining re-
current states, we heavily rely on gradient checkpointing
across the network blocks to reduce memory consumption.
Furthermore, we implement our chunk-wise sliding window
attention (SWA) using FlexAttention (Dong et al., 2024)
to optimize both memory footprint and compute efficiency
during training.

A.4. More Inference Details

Inference Configurations. For the evaluation of short se-
quences and small-scale scenes, we employ a chunk size of
64 and an overlap size of 3 for both LoGeR and LoGeR*.
For long sequences and large-scale environments, we main-
tain this exact configuration for LoGeR*. However, because
the base LoGeR model is more susceptible to trajectory drift
at larger scales, we reduce its chunk size to mitigate error
accumulation. Specifically, for LoGeR, we use a chunk size
of 32 for the KITTI dataset and 48 for the VBR dataset.

Latency and Efficiency. To optimize computational effi-
ciency during inference, we implement a KV-cache mecha-
nism for the block-wise SWA layers, avoiding redundant to-
ken computations. We evaluate the inference speed and peak
memory consumption using a single NVIDIA A100 (40GB)
GPU over a sequence of 500 frames. As detailed in Tab. 5,
the performance scales predictably with the chosen chunk
size, demonstrating a clear trade-off between the temporal
context window and computational cost. We believe that
inference efficiency can be further improved by pruning ad-
ditional TTT layers or by employing strided sampling within
the SWA module for historical, non-overlapping frames. We

Table 5. Inference efficiency. Measured on a single NVIDIA
A100 (40GB) GPU over a 500-frame sequence with varying chunk
sizes. As the number of frames increases, the speed improves
slightly, while memory consumption remains constant.

Chunk Size Speed (FPS) Memory (GB)

64 9.3 27.2
48 10.6 22.3
32 12.1 18.1

leave these system-level optimizations for future work.

A.5. More Details on the Proposed Baseline

Based on the philosophy of chunk-causal processing, we
introduce Pi3-Chunk, a simple baseline built on top of
π3 (Wang et al., 2026) for long sequence reconstruction.
Specifically, we process the input sequence in a chunk-wise
manner similar to LoGeR, and then rely on a feedforward
alignment step to stitch the predictions of different chunks
together using their overlapping frames.

While the alignment in LoGeR∗ strictly requires a rigid
SE(3) transformation Am, Pi3-Chunk necessitates a SIM(3)
transformation. This is because the base π3 model predicts
geometries and translations that are only consistent up-to-
scale within each individual chunk. Therefore, to align
the current chunk Cm to the globally aligned coordinate
system of the previous chunk Cm−1, we must first recover
and compensate for the relative scale shift.

Let x̂(m)
k,p denote the raw predicted local point coordinates

of the overlapping frame k at pixel p in the current chunk
Cm, and let x̃(m−1)

k,p denote the corresponding scale-adjusted
local point coordinates from the previously aligned chunk
Cm−1. Because these pointmaps represent the same phys-
ical geometry in the camera coordinate system, their ratio
directly reflects the scale ambiguity. We robustly estimate
the relative scale factor sm by taking the median (or alter-
natively, a truncated mean, which yields similar empirical
performance) of the point-wise coordinate norms over all
valid pixels p ∈ Ω:

sm = Median
p∈Ω

(
∥x̃(m−1)

k,p ∥2
∥x̂(m)

k,p ∥2

)
. (13)

Once the scale factor sm is determined, we apply it to adjust
the local pointmaps and the translation components of all
raw poses in the current chunk. Let T̂(m)

t = [R̂
(m)
t | t̂(m)

t ]
be the raw predicted pose. We obtain the scale-adjusted
pose T̄

(m)
t as:

T̄
(m)
t =

[
R̂

(m)
t | smt̂

(m)
t

]
, ∀t ∈ Cm. (14)

Additionally, the local pointmaps for this chunk are recur-
sively scaled as x̃(m)

t,p = smx̂
(m)
t,p to serve as the reference

for the next chunk.
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Table 6. Comparison of Absolute Trajectory Error (ATE↓, m) on VBR. The top and bottom blocks denote optimization-based and
feedforward methods, respectively. Bold and underline indicate the best and second-best performance among feedforward methods.

Methods colosseo 0 campus 0 campus 1 pincio 0 spagna 0 diag 0 ciampino 1 Avg.
num. of frames, scale 8815, 1.45km 12042, 2.73km 11671, 2.95km 11142, 1.27km 14141, 1.56km 10021, 1.02km 18846, 5.20km -

O
pt

. VGGT-SLAM (Maggio et al., 2025) 10.05 9.67 8.47 8.15 7.55 5.80 11.14 8.69
VGGT-Long w/o LC (Deng et al., 2025) 9.03 10.89 9.91 7.31 6.85 5.55 13.05 8.94
VGGT-Long (Deng et al., 2025) 6.29 10.89 9.91 7.31 7.09 5.55 13.12 8.60

Fe
ed

fo
rw

ar
d InfiniteVGGT (Yuan et al., 2026) 9.16 11.12 10.00 8.41 7.50 5.62 13.70 9.36

CUT3R (Wang et al., 2025b) 9.09 6.50 6.57 6.83 6.68 5.35 13.26 7.75
TTT3R (Chen et al., 2026) 8.69 7.71 7.52 5.82 6.11 4.30 13.18 7.62

Pi3-Chunk (Proposed Baseline) 8.78 8.86 8.11 6.48 6.69 4.88 10.57 7.77
LoGeR (Ours) 4.88 4.13 5.18 5.03 4.55 5.75 8.30 5.40
LoGeR* (Ours) 6.92 4.60 5.59 3.18 4.67 5.48 6.44 5.27
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Figure 11. Quantitative results of video depth estimation on the Bonn dataset. Both our proposed baseline (Pi3-Chunk) and LoGeR
significantly outperform prior works. Note that VGGT and StreamVGGT are omitted after certain frames due to out-of-memory (OOM).

Finally, similar to the strategy in LoGeR∗, we compute the
SE(3) alignment Am using the scale-adjusted pose of the
overlapping frame k:

Am = T̃
(m−1)
k

(
T̄

(m)
k

)−1
. (15)

This rigid transformation is then applied to all scale-adjusted
frames in the current chunk to obtain the final global camera
poses:

T̃
(m)
t = Am T̄

(m)
t , ∀t ∈ Cm. (16)

B. More Experimental Results
B.1. More Evaluation on 7Scenes

Following the evaluation protocol of VGG-T3 (Elflein et al.,
2026), we assess our method on the 7Scenes dataset by uni-
formly sampling frames across the sequences. As shown
in Fig. 12, LoGeR significantly outperforms recent concur-
rent works across all sampled frame counts.

B.2. Depth Evaluation

We follow the evaluation protocol of TTT3R (Chen et al.,
2026) to evaluate video depth on the Bonn dataset (Palazzolo
et al., 2019) for sequences up to 500 frames.

Figure 12. 3D reconstruction results on the 7-Scenes dataset,
uniformly sampling 100, 500, and 1k frames. For the evluation of
1k frames, our method achieves a 90.3% and 72.1% performance
boost (error reduction) with comparable runtimes against concur-
rent works TTT3R (Chen et al., 2026) and VGG-T3 (Elflein et al.,
2026), respectively. LoGeR also achieves 84.1% faster inference
speed compared to VGGT with 31.0% better performance.

Conceptually, depth estimation is a more localized task com-
pared to global camera pose estimation or 3D reconstruction,
as it relies less on strict, long-term global consistency. Nev-
ertheless, as shown in Fig. 11, both our proposed Pi3-Chunk
baseline and LoGeR significantly outperform prior meth-
ods. Specifically, LoGeR achieves a 21.05% error reduction
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Figure 13. Qualitative results on KITTI. Ours shows more accurate long trajectory estimation.

(Abs Rel at 500 frames) compared to the previous best-
performing method, TTT3R, demonstrating the efficacy of
our methods.

B.3. More Detailed Results on VBR

We show in Tab. 6 the per-sequence result on VBR dataset.
Our methods achieve the best on almost all sequences.

B.4. More Qualitative Results on Trajectory

We show in Fig. 13 the qualitative trajectory comparison on
KITTI benchmark.

B.5. More Qualitative Results on 3D Reconstruction

Fig. 14 shows more results on large-scale indoor and outdoor
scenes from in-the-wild videos and VBR.
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Figure 14. Qualitative results on large-scale outdoor and indoor scenes, showing minutes-long long-horizon reconstruction results.
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