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Figure 1. Mem3R is an RNN-based model built on the CUT3R paradigm that achieves stronger long-sequence streaming 3D perception.
Built on a dual-memory design, Mem3R combines (i) an implicit memory VV for camera pose estimation and (ii) an explicit memory of
persistent tokens for global geometric context. Mem3R is further compatible with plug-and-play state-update strategies developed for

CUT3R, such as TTT3R.
Abstract

Streaming 3D perception is well suited to robotics and aug-
mented reality, where long visual streams must be processed
efficiently and consistently. Recent recurrent models offer
a promising solution by maintaining fixed-size states and
enabling linear-time inference, but they often suffer from
temporal forgetting over long sequences due to the limited
capacity of compressed memories. We propose Mem3R,
a streaming 3D reconstruction model with a hybrid mem-
ory design that decouples camera tracking from geomet-
ric mapping to improve temporal consistency over long se-
quences. For camera tracking, Mem3R employs an implicit
fast-weight memory implemented as a lightweight Multi-
Layer Perceptron updated via Test-Time Training. For geo-
metric mapping, Mem3R maintains an explicit token-based
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fixed-size state. Compared with CUT3R, this design not
only significantly improves long-sequence performance but
also reduces the model size from 793M to 644M parameters.
Mem3R supports existing improved plug-and-play state up-
date strategies developed for CUT3R. Specifically, Mem3R
combined with TTT3R reduces absolute trajectory error by
up to 39% relative to CUT3R combined with TTT3R on
500- to 1000-frame sequences from the TUM Dynamics
dataset. The resulting improvements also extend to other
downstream tasks, including video depth estimation and 3D
reconstruction. Project page: https://1ck666666.
github.io/Mem3R/.

1. Introduction

A central challenge in real-time 3D perception is to recover
accurate scene geometry and camera motion from long vi-
sual streams under strict computational and memory bud-



gets. This capability is essential for a wide range of mo-
bile applications, including robotic visual localization, nav-
igation, and augmented reality. Recent progress in feed-
forward multi-view geometry, driven by models such as
DUSt3R [53] and VGGT [51], has inspired a new wave of
Transformer-based architectures [27, 42, 46, 54, 58, 64] that
achieve impressive performance in 3D reconstruction and
pose estimation. However, these methods typically rely on
global pairwise alignment or dense cross-frame attention,
leading to computational costs that scale quadratically with
sequence length and limit their applicability in long-horizon
streaming scenarios.

To enable scalable streaming, prior work has mainly
evolved along two directions. The first line of work lever-
ages causal-attention Key-Value (KV) caches to preserve
the full observation history [26, 50, 61, 67]. While effective,
this paradigm incurs memory consumption that grows lin-
early with sequence length, making it increasingly vulnera-
ble to out-of-memory (OOM) failures during long-horizon
inference. The second direction, exemplified by CUT3R,
adopts a Recurrent Neural Network (RNN)-based archi-
tecture with a fixed-size latent state, enabling constant-
memory inference. However, this compact state also cre-
ates an information bottleneck: once the sequence length
exceeds the typical training horizon, CUT3R suffers from
substantial temporal forgetting and trajectory drift. To al-
leviate these issues, TTT3R [10] reinterprets state updates
through the perspective of Test-Time Training (TTT) and
introduces per-token update weights that emphasize tokens
most relevant to the current observations. Building on this
idea, subsequent works [14, 66] have proposed alternative
plug-and-play update strategies to further improve CUT3R.

In this work, we present Mem3R, an enhanced RNN-
based architecture with a dual-memory design for long-
horizon streaming 3D perception. Our key idea is to im-
prove the representational efficiency of the recurrent state
by decoupling camera tracking from geometric mapping.
Specifically, Mem3R replaces CUT3R’s pose-related to-
ken memory and its Transformer-based memory read/write
blocks (implemented as the LocalMemory module in
the official CUT3R codebase) with a lightweight implicit
Multi-Layer Perceptron (MLP)-based memory for pose es-
timation via TTT inspired by LaCT [65], while retaining an
explicit token-based memory to preserve global geometric
context. This dual-memory design yields a more compact
and effective backbone, reducing the parameter count from
793M to 644M (a 19% reduction) while achieving stronger
performance, as illustrated in Fig. 1. We also introduce a
learnable channel-wise state update module, inspired by re-
cent advances in finite-state RNN architectures [4, 47], to
enable finer-grained control over state updates.

As a result, Mem3R remains fully compatible with
training-free per-token state-update strategies such as

TTT3R [10] and TTSA3R [66], and it delivers further gains
when combined with them. Across camera pose estimation,
video depth estimation, and 3D reconstruction, Mem3R
shows clear improvements in most evaluated settings while
preserving the inference speed and constant-memory ad-
vantages of RNN-based streaming models. These results
establish Mem3R as a stronger and more memory-efficient
backbone for long-sequence streaming 3D perception.

2. Related Work

Offline Feed-forward 3D Reconstruction. DUSt3R [53]
proposes an end-to-end, feed-forward approach to 3D re-
construction, directly regressing point maps from image
pairs. Subsequent extensions [9, 11, 16, 17, 23, 27, 32,
57, 62] broadened this formulation to more challenging set-
tings, but most remain fundamentally pairwise and there-
fore require costly global alignment once more than two
views are involved. To overcome this limitation, recent
offline multiview models [18, 25, 42, 51, 54, 58, 64] em-
ploy large feed-forward Transformers with global attention
to jointly process all input views and predict per-view ge-
ometry and camera poses in a single forward pass. Repre-
sentative examples such as VGGT [51] achieve strong re-
construction quality, but their computational and memory
costs scale quadratically with the number of frames. More-
over, they are inefficient for streaming data, as incorporat-
ing a newly arrived view typically requires reprocessing the
entire sequence. Although methods such as FastVGGT [42]
reduce inference overhead through token merging, these ap-
proaches remain better suited to offline reconstruction than
to real-time long-sequence streaming settings.

Online 3D Reconstruction. Online 3D reconstruction
methods [12, 26, 30, 50, 52, 55, 61, 67] process views
incrementally and update scene representations on the fly,
making them attractive for robotics and embodied percep-
tion. Existing approaches mainly differ in how they pre-
serve historical context. Causal-cache methods, such as
StreamVGGT [67], retain past keys and values for long-
range temporal conditioning, but their memory and compu-
tation still grow with sequence length. In contrast, recurrent
methods such as CUT3R [52] maintain a fixed-size latent
state for constant-memory inference. However, compress-
ing long-term observations into a compact state creates an
information bottleneck, often causing temporal forgetting
and drift on long sequences. Recent training-free update
strategies, including TTT3R [10] and TTSA3R [66], im-
prove CUT3R-style recurrent updates, while Point3R [55]
enhances memory recall through explicit 3D point asso-
ciations at the cost of memory growth. In contrast, our
method improves the representational efficiency of the re-
current backbone through a dual-memory design, while re-
maining compatible with plug-and-play update strategies
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Figure 2. Overview of Mem3R. Top: For each frame I; in the streaming image sequence, a ViT encoder extracts image features F;. The
MLP-based fast-weight module WV performs camera tracking with decoder under Test-Time Training (TTT), while the fixed-size state
S and decoder preserve and update geometric information, producing an intermediate state S;. S; is then fused with the previous state

S¢—1 through a channel-wise update gate module (see Sec. 3.3) to obtain the final updated state S .

By replacing pose-related state token

with W, Mem3R maintains a constant-size recurrent state while reducing long-term temporal forgetting in streaming 3D reconstruction.
Bottom: Illustration of the fast-weight and decoder module with TTT (see Sec. 3.2).

such as TTT3R and TTSA3R.

Fast Weight Programs and Memory Architectures.
The view of linear layers as associative memories dates
back to Hopfield networks [21] and was later developed
in fast weight programmers, where dynamic fast programs
are integrated into recurrent neural networks as writable
memory stores [38—40]. Building upon these foundational
concepts, modern sequence modeling has diverged into
two primary structural paradigms: linear memory mod-
ules and deep memory modules. Linear memory mod-
ules [20, 22, 35, 47, 59, 60] maintain matrix-valued hid-
den states with linear state transitions, while deep memory
modules [4-7, 29, 45, 65] use online-adapted sub-networks
with dynamically updated parameters to encode contex-
tual information. Our method is particularly inspired by
this latter line of work, using an online-adapted implicit
memory to improve long-horizon performance. Concur-
rent works [24, 49, 63] also incorporate TTT memory lay-
ers into 3D perception but address different settings: tt-
tLRM [49] targets novel view synthesis with 3D Gaussian
Splatting, [15, 24, 56] focus on faster offline reconstruc-
tion, and LoGeR [63] studies chunk-wise reconstruction
with sliding-window attention rather than frame-by-frame
streaming reconstruction.

3. Method

In streaming 3D perception, a model processes an image
sequence {I; }¥ , incrementally, estimating camera motion
and scene geometry online as new observations arrive.

3.1. Overview

We begin by briefly reviewing the recurrent state formula-
tion in CUT3R to highlight the key differences in our de-
sign:

X/, S; = Decoders(X¢, Sy 1), (1)
where S;_1 is the state at time t — 1, S; is the updated state
produced directly by the decoder, and X; = [z, F}] consists
of a learnable pose token z; and image tokens F} extracted
from the current frame I;.

Our Mem3R is also an RNN-based architecture that
maintains a fixed-size recurrent state for online 3D percep-
tion. The key idea is to improve the efficiency of the recur-
rent memory representation by replacing the pose-related
components of the recurrent state and transformer-based de-
coder blocks with an implicit MLP. To this end, Mem3R
uses a hybrid memory design: an implicit memory W, im-
plemented as an MLP-based fast-weight module for camera
tracking, and an explicit memory S, implemented as persis-
tent state tokens for geometric mapping, as shown in Fig. |
and Fig. 2. Unlike CUT3R, which directly writes decoder
outputs into the recurrent state, our model treats the state



output from the decoder as a candidate update and integrates
it with a learnable channel-wise gate.

At time ¢, the current frame is encoded into visual to-
kens F;. The implicit memory predicts a pose token prior
D¢, which is processed together with F; and the previous
explicit state S;_; by a transformer decoder. The decoder
produces a posterior pose token p;, updated visual features
FY/, and a candidate state update S;. The implicit memory is
then updated online by aligning prior p; with posterior p;,
while the explicit memory is updated through channel-wise
gated integration of ;.

3.2. Implicit Memory via Test-Time Training

To improve long-horizon camera tracking while preserv-
ing a constant inference speed, we introduce an adaptive
fast-weight memory implemented as a lightweight SwiGLU
MLP [41]:

Fv(z) = W (SiLU(Wlx) © (ng)), )

where W = {W;, W5, W5} denotes the fast weights up-
dated online during inference.

Given the current visual tokens F}, we first compute a
Ls-normalized query feature x; and read a pose prior from
the previous fast weights W;_1:

e = fw,_, (Ke). 3)

This prior replaces CUT3R’s learned pose token z;, yielding
X; = [pt, Ft]. The decoder then produces

X;,S; = Decoders(Xy, Si—1), 4)

where X[ = [p, F/], with p; defined as the refined posterior
pose token and F as the state-enriched visual features.
We update the implicit memory by aligning the prior and
posterior:
Lt (Pe, pt) = (Pr, D) &)

To make the update adaptive for different I;, we predict a
per-step decay factor a; = 1 — v - o(W, F}) and per-layer
learning rates 7; from the current features:

n = Softplus(W,,Ft + Softplusfl(nbase)) , (6)

where v = 0.01 is the decay scale and 7,se = 0.001 is
the base learning rate. Here, Softplus ' (z) = log(e* — 1)
ensures that 77; = Npase When W, Fy = 0. o(+) denotes the
sigmoid function. The fast weights are then updated by

Wy = W1 + 1 © Vi Lee. (N

This update enables the model to estimate accurate pose
cues while filtering out transient noise, effectively turning
the fast-weight module into a compact implicit temporal
memory for robust camera tracking. We provide more de-
tails about this module in the supplementary material.

3.3. Channel-wise Update of Explicit Memory

To represent persistent global geometry, we retain an ex-
plicit token-based memory S; € RY:-*C where N, is the
number of state tokens and C' is the channel dimension. The
decoder output S; in Eq. (4) is treated as a candidate state
update rather than the final new state.

Directly overwriting the state can lead to temporal for-
getting in long sequences. To address this issue, we intro-
duce a channel-wise update gate ¢; € (0,1)V+*¢":

Ct :o—(fC(Ftvstfl))v (8)

where f is an MLP. The explicit memory is then updated
as
Si =GOS+ (1—-¢)6 S )

This channel-wise gating enables finer control over mem-
ory evolution, allowing stable geometric features to be pre-
served while selectively integrating new observations. Dur-
ing inference, when applying the per-token state-update
mechanism of TTT3R or TTSA3R, we combine its per-
token gate G; with our channel-wise gate (; to obtain the
final update gate. The state is updated as

S$i=GioOGOS;+(1 -G oG) O Si—1,  (10)

where G; € RM:*! is broadcast along the channel di-
mension and controls token-level updates, while (; €
(0,1)N+*¢ controls channel-level updates. We provide
more details on this module in the supplementary material.

3.4. Prediction Heads and Training

We follow CUT3R in using the same prediction heads and
supervision. Given the refined tokens (p:, F}), Mem3R
predicts local-frame pointmaps and confidence scores,
(Z3e1, O5°1) = Headge (F}), world-frame pointmaps and
confidence scores, (ZAtworld,CtWO“d) = Headyora(pt, FY),
and the 6-DoF camera pose ]325 = Headpose (Pt )-

For training, we use the same objectives as CUT3R.
The local- and world-frame pointmaps are supervised with
the confidence-aware 3D regression loss in CUT3R and
MASt3R [27]:

Lsp= Y

fe{self,world}

ﬁconf(zf,zf,cf) .

. Z
‘CCOnf(Z7ZaO): Z (CHg_ 2_ﬂ10gc>?
(2,2,0)€(2,2,C)
a2
where § and s are scale normalization factors for Z and Z,

respectively.
Camera pose is supervised by Lpose =

Zivzl (Hfft = qelly + H% — %Hz) , and, when raymap
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Figure 3. Quantitative evaluation of camera pose estimation from the ScanNet dataset (left) and the TUM Dynamics dataset (right).
Mem3R achieves significant improvement compared with CUT3R. Moreover, when combined with the training-free, plug-and-play state
update strategies TTT3R or TTSA3R, Mem3R further yields better results compared to applying these strategies to CUT3R.

inputs are available, we additionally use the RGB recon-
I, -1,
L = L3p + Lpose + LraymapLrgb, Where Laymap indicates
whether the input is a raymap.

To ensure that the gains can be fairly attributed to our
architectural design, we train Mem3R using the same 26-
dataset mixture and training configuration as the final train-
ing stage of CUT3R, with input sequences ranging from 4
to 64 views. The training data cover diverse real and syn-
thetic scenes, including CO3Dv2 [36], ARKitScenes [3],
MegaDepth [28], MapFree [1], DL3DV [31], and Hyper-
sim [37]. The full dataset list is provided in the supplemen-
tary material. We initialize the encoder, decoders, and pre-
diction heads from pre-trained 512-DPT CUT3R weights
and fine-tune all modules except the encoder. Optimization
is performed with AdamW [33], using an initial learning
rate of 1 x 1079, linear warmup, and cosine decay. Training
takes approximately 10 hours on 32 NVIDIA H100 GPUs
with a batch size of 8 per GPU.

2
struction loss Lyg, = ‘ . The full objective is
2

4. Experiment

We evaluate our Mem3R on a variety of tasks, including
camera pose estimation (Sec. 4.1), video depth estimation
(Sec. 4.2), and 3D reconstruction (Sec. 4.3). We primar-
ily focus on streaming 3D reconstruction models, specifi-
cally Point3R [55], StreamVGGT [67], and CUT3R [52].
Among these, we treat the RNN-based CUT3R as our clos-
est baseline to demonstrate that Mem3R achieves superior
performance on long sequences (> 200 frames). Further-
more, we show that Mem3R is fully compatible with ex-
isting training-free state update mechanisms developed for
CUTS3R, such as TTT3R [10] and TTSA3R [66]. Quanti-
tative accuracy results are obtained using NVIDIA A100

40GB GPUs. Qualitative visualizations and efficiency
measurements are conducted separately on a workstation
equipped with a single NVIDIA RTX PRO 6000 Blackwell
Max-Q GPU.

4.1. Camera Pose Estimation

Following [10, 66], we evaluate camera pose accuracy on
the TUM Dynamics [44] and ScanNet [13] datasets using
sequences ranging from 50 to 1,000 frames. We adopt
the standard Absolute Trajectory Error (ATE) metric, com-
puted after Sim(3) alignment [48] between the estimated
and ground-truth trajectories. As illustrated in Fig. 3,
Mem3R consistently outperforms CUT3R and Point3R.
Furthermore, integrating TTT3R and TTSA3R into Mem3R
yields significantly lower pose errors, particularly on se-
quences exceeding 400 streaming frames. In contrast,
VGGT and StreamVGGT, both based on full attention, are
prone to memory exhaustion for such long sequences. Qual-
itative comparisons in Fig. 4 demonstrate that Mem3R,
when equipped with TTT3R and TTSA3R, achieves supe-
rior tracking accuracy compared to CUT3R under identical
state-update strategies.

Notably, from Fig. 3, Mem3R with TTT3R provides a
39% relative reduction in ATE at the 500-frame mark on
the TUM dynamics dataset compared with the base TTT3R
model. More results including short sequences are provided
in the supplementary material.

4.2. Video Depth Estimation

As in [52, 62], we evaluate long-sequence video depth es-
timation on the KITTI [19] and Bonn [34] datasets. These
datasets span 300 to 500 frames and encompass a diverse
range of dynamic, static, indoor, and outdoor scenes. We re-
port both scale-invariant and metric-scale results using the
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Figure 4. Qualitative visualization of predicted camera trajectories on the TUM Dynamics dataset (top row) and the ScanNet dataset
(bottom row). Each row is evaluated on the same sequence. Our Mem3R achieves significant improvement compared with CUT3R.
Moreover, when combined with TTT3R or TTSA3R, Mem3R further reduces drift compared to applying these strategies to CUT3R.

Table 1. Quantitative evaluation of video depth estimation on long sequences from the KITTI dataset. Bold indicates the best result
per column within each depth category, and green indicates improved or maintained performance of our model over its respective base
counterpart.

Method 300 frames 350 frames 400 frames 450 frames 500 frames
Abs Rel \L (5125 T Abs Rel \L (51.25 T Abs Rel J/ 51_25 T Abs Rel \L (5125 T Abs Rel \l, (51'25 T
Metric Depth
CUT3R 0.134 83.8 0.140 82.7 0.144 82.1 0.149 81.1 0.152 80.4
Ours 0.119 88.4 0.123 87.4 0.126 87.1 0.129 86.8 0.132 86.0
TTT3R 0.117 88.5 0.122 87.7 0.125 87.3 0.130 86.6 0.132 86.5
Ours + TTT3R 0.112 89.5 0.115 88.9 0.119 88.6 0.122 88.2 0.125 87.5
TTSA3R 0.117 88.8 0.121 88.0 0.126 87.5 0.131 86.7 0.133 86.5
Ours + TTSA3R 0.116 89.0 0.118 88.5 0.122 88.2 0.125 87.7 0.129 87.0
Scale-Invariant Depth
CUT3R 0.122 87.4 0.125 87.0 0.126 87.1 0.129 86.7 0.130 86.5
Ours 0.107 90.3 0.110 89.6 0.110 89.4 0.111 89.2 0.113 89.1
TTT3R 0.112 90.2 0.114 89.6 0.115 89.5 0.118 89.1 0.119 89.1
Ours + TTT3R 0.104 91.3 0.106 90.8 0.107 90.5 0.109 90.1 0.110 89.9
TTSA3R 0.109 90.9 0.111 90.2 0.113 89.9 0.116 89.5 0.117 89.4
Ours + TTSA3R 0.103 92.0 0.104 91.5 0.105 91.2 0.108 90.7 0.109 90.5
dgi

Absolute Relative error (Abs Rel) and the 1 o5 threshold de“) < 1.25).

(the percentage of pixels where max( v
st ? dg



Table 2. Quantitative evaluation on the Bonn dataset. Bold indicates the absolute best result per column within each depth category; green

indicates improved or maintained performance over its direct baseline.

Method 300 frames 350 frames 400 frames 450 frames 500 frames
Abs Rel \L (5125 T Abs Rel \L (51.25 T Abs Rel J/ 51_25 T Abs Rel \L (5125 T Abs Rel \l, (‘)‘1'25 T
Metric Depth
CUT3R 0.106 88.8 0.107 88.8 0.106 89.5 0.101 90.2 0.10 90.6
Ours 0.105 89.7 0.107 89.6 0.105 90.2 0.101 90.8 0.10 91.2
TTT3R 0.108 90.2 0.105 90.8 0.103 91.3 0.102 91.8 0.10 92.1
Ours + TTT3R 0.105 914 0.101 91.9 0.100 92.3 0.099 92.6 0.098 92.9
TTSA3R 0.103 91.7 0.101 92.1 0.100 92.5 0.099 92.7 0.098 93.0
Ours + TTSA3R 0.102 92.5 0.099 92.8 0.098 93.2 0.096 934 0.094 93.7
Scale-Invariant Depth

CUT3R 0.089 93.8 0.091 93.1 0.090 934 0.086 93.6 0.084 93.8
Ours 0.085 94.6 0.087 94.0 0.087 94.1 0.085 94 .4 0.083 94.5
TTT3R 0.079 94.9 0.078 95.0 0.078 95.1 0.077 95.2 0.076 95.3
Ours + TTT3R 0.077 94.9 0.076 95.0 0.076 95.1 0.076 95.2 0.075 95.3
TTSA3R 0.078 95.1 0.077 95.1 0.077 95.2 0.077 95.3 0.076 954
Ours + TTSA3R 0.076 95.0 0.074 95.0 0.074 95.1 0.074 95.2 0.073 95.3

As demonstrated in Tabs. 1 and 2, Mem3R significantly
outperforms CUT3R. Integrating Mem3R with TTT3R and
TTSA3R further yields performance gains across most sce-
narios. Furthermore, we evaluate short-sequence perfor-
mance (50 streaming frames) on the Sintel [8] dataset in
the supplementary material.

50 100 150 200 250 300 350 00 so 100 150 200 250 300 350 00
Number of Input Views Number of Input Views

Figure 5. Quantitative evaluation of 3D Reconstruction on 7-
Scenes. OOM denotes out-of-memory.

4.3. 3D Reconstruction

We evaluate our multiview reconstruction framework on
the 7-Scenes [43] dataset over sequences of 50 to 400
frames, using Chamfer Distance (CD) and Normal Consis-
tency (NC) as the primary metrics. Following TTT3R [10],
CD is defined as the mean of accuracy and complete-
ness, where accuracy measures the Euclidean distance
from reconstructed points to the nearest ground-truth points
and completeness is defined conversely. As shown in
Fig. 5, Mem3R significantly outperforms CUT3R. More-
over, when combined with TTT3R or TTSA3R, Mem3R
consistently achieves lower CD than Point3R and CUT3R
under the same state-update strategy, further validating the

effectiveness of our architecture. Qualitative results in
Figs. | and 6 show that Mem3R produces more accurate and
better-aligned 3D reconstructions, with further improve-
ments when combined with TTT3R or TTSA3R. For ex-
ample, in Fig. 1, Ours + TTT3R reconstructs the staircase
with more accurate step spacing and clearer handrails. Ad-
ditional visualizations and results on NRGBD [2] are re-
ported in the supplementary material.

4.4. Model Efficiency

Mem3R maintains constant GPU memory complexity with
respect to sequence length. As shown in Tab. 3, Mem3R
matches the throughput of CUT3R and its training-free state
update variants while reducing GPU memory usage by 7%
and parameter count by 19% relative to CUT3R. All evalua-
tions are conducted on a workstation with a single NVIDIA
RTX PRO 6000 Blackwell Max-Q GPU using 512 x 384
images from 7-Scenes.

Table 3. Efficiency comparison of runtime (fps), GPU memory us-
age (MiB), and parameter count. Green indicates that our model
matches or outperforms its corresponding base model.

Method Runtime (fps) T Memory (MiB) | Params |
CUT3R 26 7930 793M
Ours 26 7340 644M
TTT3R 25 8364 793M
Ours + TTT3R 25 7774 644M
TTSA3R 25 8786 793M
Ours + TTSA3R 25 8208 644M
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Figure 6. Qualitative 3D reconstruction results on long sequences. Red circles mark some representative regions where the difference is

particularly clear.

Table 4. Ablation study of Mem3R. Both variants are indepen-
dently retrained after removing the corresponding module. 1. w/o.
channel-wise gate replaces CUT3R’s original 152M-parameter
Transformer-based pose LocalMemory with our implicit fast-
weight pose memory, while removing the proposed channel-wise
state update mechanism. 2. w/o. fast weight uses CUT3R’s orig-
inal 152M-parameter Transformer-based pose LocalMemory
while retaining the proposed channel-wise update mechanism.

TUM Dynamics: ATE (m) |

Method #frames
200 400 600 800 1000
TTT3R 0.041 0.051 0.074 0.091 0.110
Ours + TTT3R (w/o. gate) 0.031 0.044 0.059 0.090 0.100
Ours + TTT3R (w/o. fast weight) 0.027 0.039 0.054 0.067 0.078
Ours + TTT3R 0.025 0.037 0.046 0.060 0.073
KITTI: video depth
Method 300 frames 400 frames 500 frames
AbsRel | 810517 AbsRell d1257T AbsRell &p05 7T
TTT3R 0.11 90.2 0.12 89.5 0.12 89.1
Ours + TTT3R (w/o. gate) 0.11 91.0 0.11 90.0 0.11 89.5
Ours + TTT3R (w/o. fast weight) 0.11 91.0 0.11 90.0 0.12 89.5
Ours + TTT3R 0.10 91.3 0.11 90.5 0.11 89.9
.
4.5. Ablation Study

To evaluate the contributions of the components introduced
in Secs. 3.2 and 3.3, we perform ablation studies on long-

sequence camera pose estimation on the TUM Dynamics
dataset and video depth estimation on the KITTI dataset,
using TTT3R as the baseline. As shown in Tab. 4, both the
fast-weight memory and the channel-wise state gate help
mitigate temporal forgetting in streaming 3D perception,
leading to better accuracy than the original TTT3R.

5. Conclusion

Mem3R is an RNN-based hybrid memory model for
streaming 3D reconstruction that decouples camera tracking
from geometric mapping, improving long-term consistency
and long-sequence performance while preserving recurrent
streaming efficiency. Compared with CUT3R, Mem3R is
also more parameter-efficient, reducing the model size from
793M to 644M parameters. Despite being more compact,
it significantly lowers the Absolute Trajectory Error (ATE)
on the challenging 500-1000 frame benchmark of the TUM
Dynamics and ScanNet datasets. The resulting improve-
ments also extend to downstream tasks such as 3D recon-
struction and video depth estimation. These results estab-
lish hybrid memory as an effective design for accurate and
efficient long-horizon 3D perception.
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