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Abstract

Scaling Vision Transformers (ViTs) has yielded remarkable
advancements in diverse vision tasks, albeit at the cost of
escalating computational, memory, and parameter demands.
Existing efficiency techniques typically address only one di-
mension, computation, memory, or parameters, lacking a co-
hesive approach. In this paper, we introduce Vision-MoR,
a novel ViT architecture that unifies parameter sharing, spa-
tially adaptive computation, and memory-efficient design into
a single framework. Vision-MoR employs a spatial-aware
router with shifted-window attention to dynamically assign
per-patch recursion depths, coupled with a recursive Trans-
former loop enabling token-wise early exiting. This facil-
itates content-adaptive processing and recursive parameter
reuse while preserving spatial locality. On ImageNet-1K,
Vision-MoR Small attains 74.6% Top-1 accuracy with 140M
FLOPs and 5.7M parameters, outperforming EfficientViT-
M2 (70.8%) and SHViT-S1 (72.8%) at superior through-
put. The Vision-MoR X-Large variant achieves 80.4% Top-
1 and 95.2% Top-5 accuracy using 14.3M parameters and
2044M FLOPs, surpassing ResNet-50 and EfficientNet-B1.
On COCO object detection, Vision-MoR X-Large yields 39.1
AP with the lowest latency among comparable models. These
results underscore Vision-MoR’s state-of-the-art accuracy-
efficiency trade-offs, positioning it as a scalable, deployment-
friendly backbone for real-time vision applications.

Introduction
Since Vision Transformer (ViT) models (Rao et al. 2021;
Mehta and Rastegari 2022; Graham et al. 2021; Wei et al.
2025) first demonstrated that pure self-attention architec-
tures could rival—and often surpass—convolutional net-
works on large-scale image recognition, ever-larger ViT
variants have driven steady gains across classification, detec-
tion, segmentation, and even video understanding (Thisanke
et al. 2023; Wang et al. 2021; Radford et al. 2021; Tschannen
et al. 2025; He et al. 2025). These improvements, however,
have come at a steep computational cost (Alabdulmohsin
et al. 2023): scaling depth, width, and input resolution in-
flates quadratic attention complexity, ballooning both mem-
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Figure 1: Comparison of throughput and accuracy between
our Vision-MoR and other recent methods.

ory footprint and FLOPs and rendering training or real-time
inference feasible only on specialized clusters. A rich line of
work therefore seeks “efficient ViTs” (Yin et al. 2022; Liu
et al. 2023; Wang et al. 2024), exploring patch pruning and
token dropping (Bolya et al. 2022), low-rank or sparse atten-
tion (Liu, Wu, and Guo 2022), layer re-parameterization (Li
et al. 2023b), and partial weight sharing (Zhang et al. 2022).
Yet each technique typically targets one axis of efficiency in
isolation. As a result, practitioners face a fragmented design
space—pruning sacrifices accuracy under heavy compres-
sion, sparse attention lowers compute but not parameters,
and tied-layer schemes decrease parameters but leave per-
token compute unchanged. The absence of a unified strategy
that can jointly trim parameters, adapt computation to spa-
tial content, and reduce memory traffic limits the practicality
of ViTs in resource-constrained settings.

Despite steady progress, today’s ViT-efficiency methods
remain siloed (Xu et al. 2024; Yuan et al. 2024). Token/-
patch pruning and early exiting lower compute but retain
full model weights; weight-tying or low-rank factorization
shrink parameters but still expend a uniform number of
FLOPs on every patch; memory-centric tricks such as re-
versible layers or i-KV caching reduce activation costs but
leave the core attention pattern unchanged (Yun and Ro
2024; Papa et al. 2024a). Consequently, no existing vision
architecture simultaneously (i) reuses parameters, (ii) allo-
cates computation adaptively per spatial region, and (iii)
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trims memory traffic end-to-end (Yuan et al. 2024). In
the large-language-model (LLM) community, however, the
newly proposed Mixture-of-Recursions (MoR) (Bae et al.
2025) has shown that these three axes can be unified: MoR
trains lightweight routers that decide, token-by-token, how
many times a shared block is reapplied, achieving parame-
ter sharing, token-level adaptive depth, and recursion-wise
KV caching in a single stack—all while improving per-
plexity–compute trade-offs. This holistic recipe suggests a
promising blueprint for vision.

Directly extending the 1D language MoR framework
from language to 2D introduces several unique challenges.
1) First, maintaining spatial coherence and locality becomes
nontrivial. Vision tokens lie on a 2D grid, and re-entering
a shared computation block with varying subsets of patches
may disrupt local feature continuity, thereby impairing the
model’s ability to capture fine-grained structures. 2) Sec-
ond, vision patches exhibit highly heterogeneous informa-
tion density—unlike language tokens, which are relatively
uniform. This demands a sophisticated routing mechanism
capable of assigning per-patch recursion depths without in-
curring excessive routing overhead or disrupting the atten-
tion topology.

To address these challenges and extend MoR’s unified ef-
ficiency paradigm to the visual domain, we redesign the re-
cursion mechanism around image patches. 1) Patch-Level
Recursive Computation: We partition the image into spa-
tially contiguous cells and use a lightweight router to assign
individualized recursion depths. Background regions can
exit early, while semantically rich foreground areas continue
through shared blocks for deeper refinement. 2) Spatial-
Aware Routing: The router operates on multi-scale pooled
features, enforcing spatial consistency by ensuring neigh-
boring patches differ by no more than one recursion step.
This preserves locality and coherent receptive fields across
layers.

Related Work
Single-Axis Efficiency Optimization
Recent advances in efficient ViTs have predominantly fo-
cused on optimizing a single resource dimension—compute,
parameters, or memory—often in isolation (Zhang et al.
2025; Papa et al. 2024b). To reduce computational cost,
token-level methods such as patch pruning and early ex-
its (e.g., DynamicViT (Rao et al. 2021)) discard less in-
formative tokens, while sparse attention techniques like
Linformer (Wang et al. 2020) linearize the self-attention
mechanism. Parameter efficiency is addressed through
lightweight architectures and hybrid CNN-ViT designs, such
as LeViT (Graham et al. 2021), which combine convolu-
tional backbones with compact attention modules.

Hybrid Multi-Axis Efficiency Strategies and the
Vision-MoR Paradigm
Building on the above single-axis survey, more recent work
has begun to explore hybrid strategies that span multiple ef-
ficiency dimensions, yet still fall short of a fully unified so-
lution. Recursive ViTs such as SReT(Shen, Liu, and Xing
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Figure 2: Visualization example of patch-wise adaptive com-
putation in Vision-MoR Base.

2021) shares a single block across layers to slash parameter
overhead but apply the same recursion depth to every patch;
Dynamic-depth models like SkipViT (Ataiefard et al. 2024)
and AdaViT (Meng et al. 2022) adaptively allocate com-
putation at the patch level, while retaining the full param-
eter set. However, they do not prune or modify the underly-
ing attention structure, and maintain uniform model capac-
ity during inference. Other refinements (Tay et al. 2021; Wu
et al. 2022; Mehta and Rastegari 2021) emphasize memory
reduction via single-head attention and compact token em-
bedding, without altering model size or compute throughput.

Methodology
The proposed Vision Mixture-of-Recursions (Vision-MoR)
framework, illustrated in Figure 3, enables fine-grained,
patch-wise dynamic depth allocation for visual inputs. It
consists of two key components: a Spatial Router for token-
specific routing decisions and a Recursion Loop that adap-
tively allocates compute by controlling recursion depth. This
section details their design and interaction, along with the
overall training strategy.

Spatial Router
To enable dynamic computation across different spatial re-
gions of an image, we begin by tokenizing the input image
I ∈ RH×W×3 into non-overlapping P × P patches. This
yields N =

(
H
P

) (
W
P

)
tokens {xi}Ni=1, each embedded into

Rd. These tokens are then fed into a spatial router, which
predicts a suitable recursion depth for each patch based on
its content.

Unlike traditional MLP-based routers, our spatial router
captures local context via a two-stage shifted window self-
attention mechanism, inspired by the Swin Transformer (Liu
et al. 2021). Specifically, the input patch grid X ∈
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Figure 3: Overview of the Vision-MoR framework. (a) The full pipeline first tokenizes the image into patches and dynamically
routes them to different recursion depths using a spatial router before classification. (b) The spatial router applies shifted window
attention and Linear to determine expert paths for each patch token. (c) Based on routing decisions, tokens traverse different
numbers of recursive computation blocks, enabling adaptive and efficient processing.

RB×H′×W ′×d is divided into M×M windows. Within each
window, standard attention is applied:

Q = XWQ, (1)
K = XWK , (2)
V = XWV , (3)

A = Softmax

(
QK⊤
√
dk

+Brel

)
. (4)

where Brel is a trainable relative positional bias. A second
round of attention is then applied after shifting the window
by ⌊M/2⌋ in both axes, enhancing cross-window interac-
tions.

The attention-refined token embeddings x̃i are passed
through a layer norm and lightweight MLP to produce rout-
ing logits:

hi = LN(x̃i), zi = MLP(hi) ∈ RDmax, (5)
where Dmax denotes the maximum recursion depth. These
logits determine the individual token’s path through recur-
sive transformer blocks, allowing either hard routing via
argmax or soft gating through a sigmoid/softmax transfor-
mation.

Recursive Computation with Dynamic Token
Allocation
The recursion loop governs how each token is processed
through shared transformer blocks, enabling both parame-
ter reuse and adaptive depth control. Instead of allocating L

distinct transformer layers, we group them into Nr parame-
ter sets reused cyclically:

Blockj = Φ′j mod Nr : j = 0, . . . , L− 1, (6)
where Φ′

k is the parameter set for the k-th recursion block.
At each recursion step r, only a subset of tokens A(r) con-

tinues. For token t, the router predicts a gating value:

g
(r)
t = G(w⊤

r h
(r)
t ), (7)

where h
(r)
t is the token’s hidden state and G is typically a

sigmoid. Based on the top-k gating values, selected tokens
proceed to the next block:

A(r+1) = Top-k
(
g
(r)
t : t ∈ A(r)

)
. (8)

Others exit the computation loop and are passed directly to
the output head.

The token state is recursively updated based on a gated
residual connection:

h
(r+1)
t = f(h

(r)
t ; Φ′) · g(r)t + h

(r)
t · (1− g

(r)
t ), (9)

blending new features with previous representations to en-
sure smooth depth transitions. To preserve expressivity, the
first and last layers are kept unique, while intermediate
blocks are shared following a “middle-cycle” strategy (Bae
et al. 2025):

Layers = [Φ0,Φ
′, . . . ,Φ′︸ ︷︷ ︸Nr,ΦL− 1]. (10)

Here, the intermediate blocks cycle through (Nr) distinct pa-
rameter sets (Φ′

k) (for (k = 0, . . . , Nr-1)), repeated as nec-
essary to fill the middle layers.
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Full Pipeline and Integration
The full inference pipeline is depicted in Figure 3(a). Af-
ter patch embedding, the spatial router (Figure 3(b)) assigns
a recursion depth to each token based on its content and
spatial context using Equations (3) and (5). These decisions
govern how tokens traverse the recursion loop (Figure 3(c)),
where they are dynamically processed according to Equa-
tions(7)–(9).

Upon completion of their recursion paths, all tokens are
aggregated (via [CLS] token or pooling) and passed through
a classification head. The overall design allows for a flexible
allocation of compute: complex or semantically rich regions
receive more processing, while redundant or background ar-
eas exit early, optimizing both accuracy and efficiency.

Training Objective
To jointly optimize the routing mechanism and final predic-
tion, we adopt a multi-term training loss:

Ltotal = LCE + λauxLroute + λzLz, (11)

where LCE is the standard cross-entropy loss for the final
model predictions, λaux and λz are hyperparameters that
weight the auxiliary losses **(typically set to small posi-
tive values like 0.1 to balance training)**, Lroute is a binary
cross-entropy loss between routing logits zi **(the model’s
predicted scores for routing decisions on the i-th token)**
and top-k supervision:

Lroute =
1

N

N∑
i=1

BCEWithLogits(zi, y
route
i ), (12)

with N being the total number of tokens and yroute
i denoting

the ground-truth routing labels for the i-th token (derived
from top-k selection based on content difficulty), and Lz is
a Z-Loss regularizer to prevent collapse of routing distribu-
tions:

Lz = Ei


log

∑
j

ezij

2
 . (13)

Here, Ei denotes the expectation (average) over all tokens i,
and zij represents the logits for the i-th token across rout-
ing options j (e.g., different recursion depths). This regular-
izer penalizes overly confident or collapsed distributions by
squaring the log-sum-exp of the logits.

To encourage gradual adoption of dynamic routing, we
employ a warm-up strategy that linearly increases the rout-
ing capacity ct **(the allowed ratio of tokens forwarded to
deeper recursions at training step t)** as training progresses:

ct = ctarget + (1− ctarget) · 0.5[
1 + cos

(
π ·min

(
1, t

Twarmup

))]
, (14)

where ctarget is the target capacity (e.g., a value like 0.5 for
half the tokens) and Twarmup is the duration of the schedule
(e.g., a number of training epochs or steps).

Experiment
Experiment Setting
We training our proposed Vision-MoR framework training
on the ImageNet-1K dataset (Deng et al. 2009), which con-
sists of 1.28 million training images and 50,000 validation
images across 1,000 classes. All models are trained from
scratch using the AdamW optimizer (Loshchilov and Hut-
ter 2018) with β1 = 0.9, β2 = 0.999, and a weight decay of
0.01. The base learning rate is set to 5× 10−5, and a cosine
learning rate schedule with a minimum learning rate ratio of
0.1 is applied, along with linear warmup for the first 1,000
steps. Training is conducted for 300 epochs with a global
batch size of 2048 using gradient accumulation. All training
experiments are conducted on 4*Nvidia GH200 GPUs us-
ing the PyTorch framework with HuggingFace Transform-
ers. We enable bfloat16 (bf16) mixed-precision training
and gradient checkpointing for memory efficiency.

Model Configurations We construct four Vision-MoR
variants by varying the number of layers, embedding dimen-
sion, attention heads, and feed-forward width to accommo-
date different model capacities. The detailed architectural
configurations for Vision-MoR Small, Base, Large, and X-
Large are summarized in Table 2.

Vision-MoR on ImageNet-1K Classification
We evaluate our proposed Vision-MoR models on the
ImageNet-1K classification benchmark and compare them
against a wide spectrum of state-of-the-art lightweight vi-
sion architectures. As shown in Table 1, Vision-MoR consis-
tently achieves superior performance across all scales under
comparable or lower computational budgets. In particular,
Vision-MoR Small attains a Top-1 accuracy of 74.6% with
only 140M FLOPs and 5.7M parameters—outperforming
all models below 300M FLOPs, such as EfficientViT-M2
(70.8%) and SHViT-S1 (72.8%), while maintaining the
highest GPU throughput (38.7k images/s). This demon-
strates the effectiveness of our patch-wise dynamic depth al-
location in capturing complex visual patterns with minimal
compute.

As we scale up the model, Vision-MoR Base and Large
variants continue to lead in both accuracy and efficiency.
Vision-MoR Base achieves 77.1% Top-1 accuracy at 369M
FLOPs, surpassing EfficientViT-M5 (77.1%, 522M FLOPs)
and PoolFormer-S12 (77.2%, 1823M FLOPs) with signifi-
cantly lower computational cost. Notably, our Vision-MoR
Large reaches 79.0% accuracy with 892M FLOPs, outper-
forming FasterNet-T2 (78.9%, 1910M FLOPs), EMO-6M
(79.0%, 961M FLOPs), and FastViT-T12 (79.1%, 1400M
FLOPs), while also achieving markedly higher inference
throughput on both GPU (38.7k images/s) and ONNX CPU
(1382 images/s). These results validate that our recursive
and router-guided computation strategy scales efficiently
with model size.

At the upper bound, Vision-MoR X-Large achieves a
new state-of-the-art accuracy of 80.4% Top-1 and 95.2%
Top-5 with only 2044M FLOPs and 14.3M parameters.
It outperforms all competing models in this regime, in-
cluding ResNet-50 (78.8%, 4110M FLOPs), EfficientNet-
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Model Reso. Epochs FLOPs (M) Params (M) Throughput (images/s) Top-1 (%) Top-5 (%)
GPU CPU CPUONNX

MobileNetV3-Small (Koonce 2021) 224 600 57 2.5 31477 167 1172 67.4 -
MobileViT-XXS (Mehta and Rastegari 2021) 256 300 410 1.3 7594 21 170 69.0 -
MobileViTV2 ×0.5 (Mehta and Rastegari 2022) 256 300 466 1.4 8616 17 157 70.2 -
EfficientViT-M2 (Pan et al. 2022) 224 300 201 4.2 30377 147 781 70.8 90.2
MobileOne-S0 (Vasu et al. 2023b) 224 300 275 2.1 19689 86 1648 71.4 -
EMO-1M (Xie et al. 2024) 224 300 261 1.3 10032 34 119 71.5 -
FasterNet-T0 (Chen et al. 2023) 224 300 340 3.9 23518 92 844 71.9 -
ShuffleNetV2 ×1.5 (Ma et al. 2018) 224 300 299 3.5 16495 62 799 72.6 -
MobileFormer-96M (Chen et al. 2022) 224 450 96 3.6 13106 91 235 72.8 -
SHViT-S1 (Yun and Ro 2024) 224 300 241 6.3 33489 143 1111 72.8 91.0
Vision-MoR Small 224 300 140 5.7 38700 165 1291 74.6 92.2

EfficientFormerV2-S0 (Li et al. 2023a) 224 300 400 3.5 2374 54 372 73.7 -
EfficientViT-M4 (Liu et al. 2023) 224 300 299 8.8 26201 113 616 74.3 91.8
EdgeViT-XXS (Pan et al. 2022) 224 300 600 4.1 6763 33 168 74.4 -
MobileViT-XS (Mehta and Rastegari 2021) 256 300 986 2.3 4408 8 96 74.8 -
ShuffleNetV2 ×2.0 (Ma et al. 2018) 224 300 591 7.4 12276 40 250 74.9 92.4
EMO-2M (Xie et al. 2024) 224 300 439 2.3 7333 25 78 75.1 -
MobileNetV3-Large (Koonce 2021) 224 600 217 5.4 13994 43 613 75.2 -
SHViT-S2 (Yun and Ro 2024) 224 300 366 11.4 26878 99 951 75.2 92.4
Vision-MoR Base 224 300 369 9.97 37551 138 1326 77.1 92.8

FastViT-T8 (Vasu et al. 2023a) 256 300 700 2.1 5978 23 140 75.6 -
GhostNet ×1.3 (Paoletti et al. 2021) 224 300 226 7.3 9433 39 109 75.7 92.7
FasterNet-T1 (Chen et al. 2023) 224 300 850 7.6 17827 41 552 76.2 -
EfficientNet-B0 (Tan and Le 2019) 224 350 390 5.3 8433 26 267 77.1 93.3
EfficientViT-M5 (Pan et al. 2022) 224 300 522 12.4 18722 64 456 77.1 93.4
PoolFormer-S12 (Yu et al. 2022) 224 300 1823 11.9 5432 13 120 77.2 -
MobileOne-S2 (Vasu et al. 2023b) 224 300 1299 7.8 9355 22 581 77.4 -
SHViT-S3 (Yun and Ro 2024) 224 300 601 14.2 20522 62 731 77.4 93.4
Vision-MoR Large 224 300 892 11.4 28760 117 1382 79.0 94.3

EdgeViT-XS (Pan et al. 2022) 224 300 1100 6.7 5520 21 120 77.5 -
EfficientFormerV2-S1 (Li et al. 2023a) 224 300 650 6.1 2112 37 325 77.9 -
MobileViTV2 ×1.0 (Mehta and Rastegari 2022) 256 300 1800 4.9 4345 7 63 78.1 -
ResNet50 (He et al. 2016) 224 300 4110 25.6 5281 8 271 78.8 -
FasterNet-T2 (Chen et al. 2023) 224 300 1910 15.0 11181 21 417 78.9 -
EMO-6M (Zhang et al. 2023) 224 300 961 6.1 5105 15 50 79.0 -
EfficientNet-B1 (Tan and Le 2019) 240 350 700 7.8 4982 11 156 79.1 94.4
FastViT-T12 (Vasu et al. 2023a) 256 300 1400 6.8 4197 14 92 79.1 -
MobileFormer-508M (Chen et al. 2022) 224 450 508 14.0 5390 23 91 79.3 -
MobileOne-S4 (Vasu et al. 2023b) 224 300 2978 14.8 5281 11 281 79.4 -
SHViT-S4 (Yun and Ro 2024) 256 300 986 16.5 14283 36 509 79.4 94.5
Vision-MoR X-Large 224 300 2044 14.3 20821 53 747 80.4 95.2

Table 1: Comprehensive comparison of representative lightweight vision models on ImageNet-1K on Nvidia A100 GPU for In-
ference. For each model, we report input resolution, training epochs, FLOPs, parameter count, throughput on GPU/CPU/ONNX,
and classification accuracy (Top-1 and Top-5). The table covers a diverse set of architectures, including MobileNet, ShuffleNet,
MobileViT, EfficientViT, FasterNet, EdgeViT, GhostNet, and others. Our proposed Vision-MoR variants are highlighted in
gray, consistently achieving leading accuracy and throughput among models with similar or lower computational cost.

B1 (79.1%), and MobileOne-S4 (79.4%), while requir-
ing substantially less computation. The combination of
high accuracy, lightweight design, and exceptional hard-
ware efficiency—particularly on CPU and ONNX run-
times—highlights the universal deployability of Vision-
MoR across diverse platforms. These results affirm the
strength of Vision-MoR as a unified, scalable, and efficient
vision backbone.

Different Device Performance
We benchmark the inference efficiency of our proposed
Vision-MoR against SHViT—a state-of-the-art memory-
efficient Vision Transformer—across various model scales
on the Nvidia GH200 GPU. As summarized in Table 3,
we report peak throughput (images per second) and infer-
ence latency under batch sizes of 1, 4, and 8—key metrics

for real-time applications. Across all configurations, Vision-
MoR consistently outperforms SHViT in both throughput
and latency, demonstrating the effectiveness of its recur-
sive computation and dynamic token routing. At the small-
est scale (5.71M parameters), Vision-MoR achieves 8600.15
images/s, more than twice that of SHViT (6.33M, 4113.34
images/s). In terms of latency, Vision-MoR reaches 3.63 ms
at batch size 1, compared to 7.03 ms for SHViT—a 48.4%
reduction. This low-latency advantage persists across larger
batches, where Vision-MoR remains nearly constant (3.72
ms @ batch 4, 3.71 ms @ batch 8), indicating efficient
parallelism and minimal overhead. At higher model capac-
ities (e.g., 2̃5M), Vision-MoR sustains 835.76 images/s and
9.57 ms latency, while SHViT falls to 448.91 images/s and
17.82 ms, reflecting a steeper decline in performance. No-
tably, SHViT’s latency nearly doubles at this scale, whereas
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Model Layers Embed Dim Hidden Size Heads FFN Dim

Vision-MoR Small 12 384 384 6 1536
Vision-MoR Base 12 512 512 8 2048
Vision-MoR Large 14 576 576 9 2304
Vision-MoR X-Large 16 640 640 10 2560

Table 2: Model configurations for Vision-MoR. We report the number of layers, embedding dimension, hidden size, number of
attention heads, and feed-forward network (FFN) dimension for each variant.

Models Params
(M)

Max
Throughput
(16 imgs/s)

Batch 1
Time (ms)

Batch 4
Time (ms)

Batch 8
Time (ms)

Vision-MoR 5.71 8600.15 3.63 ± 0.06 3.72 ± 0.08 3.71 ± 0.05
9.97 6238.36 4.99 ± 0.10 5.19 ± 0.11 5.16 ± 0.08
15.42 3286.04 4.82 ± 0.06 4.87 ± 0.06 4.90 ± 0.07
17.88 3234.68 4.91 ± 0.11 4.89 ± 0.09 4.89 ± 0.07
22.04 1738.72 9.02 ± 0.24 9.21 ± 0.14 9.28 ± 0.14
25.58 835.76 9.37 ± 0.18 9.47 ± 0.15 9.57 ± 0.13

SHViT 6.33 4113.34 7.03 ± 0.11 7.50 ± 0.09 7.67 ± 0.10
11.48 4553.22 6.39 ± 0.08 6.48 ± 0.09 6.64 ± 0.11
14.25 2039.91 7.08 ± 0.11 7.45 ± 0.12 7.77 ± 0.10
18.70 1950.13 7.91 ± 0.11 8.66 ± 0.12 9.12 ± 0.12
20.46 951.90 16.49 ± 0.20 16.53 ± 0.18 17.25 ± 0.14
25.31 448.91 17.84 ± 0.16 17.90 ± 0.19 17.82 ± 0.18

Table 3: Performance Comparison of Vision-MoR and
SHViT on GH200 GPU

Vision-MoR remains stable, highlighting its robust scalabil-
ity in both compute- and memory-bound regimes. These re-
sults affirm that Vision-MoR delivers superior hardware ef-
ficiency and practical deployment potential across a range of
real-world settings.

Vision-MoR on downstream tasks
To assess the generalization capability of Vision-MoR be-
yond image classification, we evaluate its performance on
the COCO 2017 object detection benchmark using Reti-
naNet as the detection head. All backbones are pretrained
on ImageNet-1K following the settings in Table 4, and sub-
sequently fine-tuned on COCO. As reported in Table 4,
our Vision-MoR X-Large backbone achieves the highest
AP score of 39.1, outperforming competitive lightweight
models such as SHViT-S4 (38.8) and EdgeViT-XXS (38.7),
while also delivering the lowest inference latency on both
GPU (0.22 ms) and CPU (4.4 ms). Notably, Vision-MoR
also leads in AP metrics across small, medium, and large
objects, indicating its robust multi-scale representation ca-
pability. These results confirm that the adaptive and recur-
sive design of Vision-MoR not only benefits classification
but also translates effectively to dense prediction tasks, of-
fering a compelling balance of accuracy and efficiency for
downstream vision applications.

Vision-MoR on Different Input Resolutions
We further investigate the resolution scalability of Vision-
MoR by evaluating its inference speed and accuracy across
a broad range of input resolutions, from 112×112 to
1120×1120. As shown in Figure 4, Vision-MoR consistently

Figure 4: Inverse throughput (1/λ) versus input resolution
for Vision-MoR and SHViT models. Lower values indicate
higher efficiency. Across all resolutions, Vision-MoR vari-
ants consistently exhibit superior scalability and through-
put compared to SHViT counterparts, particularly in the
high-resolution regime. This demonstrates the robustness
of Vision-MoR’s spatially adaptive routing in maintaining
computational efficiency as image resolution increases.

outperforms SHViT variants in both throughput and accu-
racy at every resolution setting. Notably, Vision-MoR Small
achieves 74.6% Top-1 accuracy at the standard 224×224
resolution, which improves to 79.6% at 1120×1120, while
maintaining a reasonable throughput of 1548 images/s. Sim-
ilarly, Vision-MoR Large scales from 79.0% to 83.9% ac-
curacy over the same range, with throughput remaining con-
sistently higher than SHViT-S3 under identical conditions.
This trend underscores the efficiency of our adaptive recur-
sion mechanism, which enables deeper feature refinement
without introducing prohibitive computational cost. In con-
trast, SHViT models exhibit a steeper decline in throughput
and slower accuracy gains as resolution increases, highlight-
ing their limited scalability. Overall, these results demon-
strate that Vision-MoR not only delivers strong baseline per-
formance at standard resolutions but also adapts effectively
to high-resolution inputs, making it well-suited for vision
tasks requiring fine-grained detail under real-time.
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RetinaNet Object Detection on COCO

Backbone Latency (ms) AP AP50 AP75 APs APm APl

GPU CPU

MobileNetV3 (Koonce 2021) 0.34 7.5 29.9 49.3 30.8 14.9 33.3 41.1
EfficientViT-M4 (Pan et al. 2022) 0.33 7.3 32.7 52.2 34.1 17.6 35.3 46.0
PVTv2-B0 (Wang et al. 2022) 0.73 115.4 37.2 57.2 39.5 23.1 40.4 49.7
MobileFormer-508M (Chen et al. 2022) 0.89 35.7 38.0 58.3 40.3 22.9 41.2 49.7
EdgeViT-XXS (Pan et al. 2022) 0.88 38.4 38.7 59.0 41.0 22.4 42.0 51.6
SHViT-S4 (Yun and Ro 2024) 0.28 5.0 38.8 59.8 41.1 22.0 42.4 52.7
Vision-MoR X-Large 0.22 4.4 39.1 59.9 41.0 23.2 42.4 53.1

Table 4: Comparison results on object detection and instance segmentation on COCO 2017 using RetinaNet.

Expert-choice Router Performers Token-choice Router Performers

Sampling Func Arch z-loss Top-1 Top-5 Balancing Func Arch z-loss Top-1 Top-5

Aux Rout σ Spatial Router ✓ 55.4 61.5 Loss-free soft Spatial Router ✗ 73.5 91.9
Aux Loss σ Spatial Router ✗ 76.5 92.4 Loss (0.1) soft Spatial Router ✓ 73.5 91.7
Aux Loss tanh Spatial Router ✓ 76.4 92.4 Loss (0.1) σ Spatial Router ✗ 64.2 79.2

Aux Loss σ Linear ✓ 70.1 79.9 Loss (0.1) soft Linear ✗ 65.6 79.4
Aux Loss σ MLP ✓ 70.2 81.1 Loss (0.1) soft MLP ✗ 69.8 80.9

Aux Loss σ Spatial Router ✓ 77.1 92.8 Loss (0.1) soft Spatial Router ✗ 74.2 91.9

Table 5: Ablation results for expert-choice (Left) and token-choice (Right) routers with various design choices.

Ablation Study
We conduct extensive ablation studies to evaluate various
design choices for routing in our Vision-MoR framework,
focusing on two configurations: expert-choice and token-
choice routing. These studies examine the impact of differ-
ent supervision signals (auxiliary router vs. auxiliary loss),
normalization functions (sigmoid vs. tanh), router archi-
tectures (Linear, MLP, Spatial Router), and regularization
methods (with/without Z-loss). As shown in Table 5, these
choices substantially affect routing quality and final recog-
nition accuracy.

In the expert-choice setting, where each token dynami-
cally decides its own depth during recursive computation,
we find that using an auxiliary loss significantly outper-
forms an auxiliary router, confirming the findings of prior
MoR studies. In particular, applying a sigmoid activation
within our spatial router module, coupled with Z-loss regu-
larization, yields the highest performance: 77.1% Top-1 and
92.8% Top-5 accuracy. This validates our Methodology de-
sign, where we explicitly adopt this configuration. Notably,
this design surpasses simpler MLP or Linear routers, sug-
gesting that capturing spatial context via shifted attention is
crucial for accurate token-level gating decisions.

In the token-choice setting, which selects a global recur-
sion depth per token at initialization, we assess the trade-
off between explicit balancing loss and bias-based loss-free
routing. While both achieve similar results with softmax
normalization, our method—using a balancing loss of 0.1,
spatial router, and no Z-loss—achieves the best balance be-
tween accuracy and routing stability, with 74.2% Top-1 and

91.9% Top-5 accuracy. This again supports the methodol-
ogy we proposed, where a light balancing signal combined
with soft competition leads to robust load balancing without
over-regularizing the routing distribution.

Conclusion
In this paper, we introduced Vision-MoR, a unified and ef-
ficient Vision Transformer framework that jointly optimizes
parameter reuse, spatially adaptive computation, and mem-
ory efficiency. By integrating a spatial-aware router with re-
cursive transformer blocks, Vision-MoR enables dynamic,
patch-wise depth allocation and early exiting, allowing the
model to allocate more compute to informative regions
while skipping redundant ones. Our spatial router lever-
ages shifted window attention for context-aware routing,
and a middle-cycle recursion strategy for parameter shar-
ing without loss of expressivity. On ImageNet-1K, Vision-
MoR X-Large achieves 80.4% Top-1 with just 14.3M pa-
rameters—both outperforming existing models at similar or
higher costs. These results validate that Vision-MoR offers a
principled and scalable solution for efficient visual recogni-
tion across a wide range of tasks and deployment scenarios.
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