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ABSTRACT

Vision Transformers (ViTs) achieve remarkable performance on image classifica-
tion tasks but suffer from computational inefficiency due to their deep architec-
tures. While existing approaches focus on token reduction or attention optimiza-
tion, the fundamental challenge of reducing architectural depth while maintaining
representation capacity remains largely unaddressed. We propose a novel struc-
tural reparameterization approach that enables training of parallel-branch trans-
former architectures which can be collapsed into efficient single-branch networks
during inference. Our method progressively joins parallel branches at the inputs
of non-linear functions during training. This allows the reparameterization of both
the multi-head self-attention (MHSA) and feed forward network (FFN) modules
during inference without approximation loss. When applied to DeiT-Tiny, our
approach compresses the model from 12 layers to as few as {3, 4, 6} while pre-
serving accuracy, delivering up to 37% lower inference latency on mobile CPUs
for ImageNet-1K classification. Our findings challenge the conventional wisdom
that transformer depth is essential for strong performance, opening new directions
for efficient ViT design.

1 INTRODUCTION

Vision Transformers (ViTs) have transformed computer vision by modeling long-range dependen-
cies and achieving state-of-the-art performance across diverse tasks (Dosovitskiy et al., 2020). How-
ever, their high computational cost, driven by quadratic self-attention and deep sequential architec-
tures, poses challenges for deployment on resource-constrained devices. This issue is especially
critical for edge and mobile deployment, where devices such as smartphones, embedded proces-
sors, and ARM-based systems must operate under strict compute, memory, and latency budgets for
real-time applications. Even the most compact ViTs remain difficult to deploy efficiently on these
platforms. For example, TinyViT (Wu et al., 2022), one of the shallowest ImageNet-1K ViTs, still
has 12 layers and 5.7M parameters. While pruning and quantization reduce storage and FLOPs, such
models often struggle to meet real-time constraints or run efficiently on ARM processors and mobile
CPUs (Nandakumar et al., 2019; Lyu et al., 2022; Wu et al., 2022). This depth–latency bottleneck
calls for a paradigm shift toward ultra-shallow architectures that reduce sequential operations while
retaining competitive accuracy.

Beyond traditional mobile deployment, non-deep networks are increasingly important for emerging
paradigms like in-memory computing and photonic computing (Negi et al., 2024; Khilo et al., 2012).
These analog systems face high ADC/DAC overhead, with ADCs consuming up to 60% of energy
and 80% of area in compute-in-memory accelerators (Saxena et al., 2021). Noise also accumulates
with depth, degrading accuracy in deeper networks (Agrawal & Roy, 2019). Similarly, photonic
systems require costly optical-to-electrical conversions at each layer, which compounds with depth
(Shen et al., 2017). For such platforms, ultra-shallow networks (4–6 layers) strike a balance between
efficiency and computational capability. While recent works focus on optimizing attention mech-
anisms (Wang et al., 2021) or reducing tokens (Rao et al., 2021), they largely assume fixed deep
architectures. Traditional ViT efficiency efforts—architectural tweaks, training strategies, and post-
training compression like pruning or quantization—optimize within this deep paradigm rather than
questioning its necessity. Recent studies show that parallel architectures can match the performance
of deeper models while reducing sequential computation (Anwar et al., 2021). Meanwhile, structural
reparameterization allows complex training-time networks to collapse into efficient inference-time
models (Ding et al., 2021b). These advances suggest an opportunity to rethink ViT design by com-
bining parallel training with deployment-oriented reparameterization.
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To the best of our knowledge, this work represents the first attempt to demonstrate competitive
ViT performance with 6 layers or fewer. Extending existing efficiency approaches to such extreme
depth reduction is non-trivial and often counterproductive. Knowledge distillation methods, while
effective for moderate compression (Touvron et al., 2021; Hao et al., 2022), face severe limitations
when applied to ultra-shallow students. Recent distillation work shows that DeiT-Tiny students with
12 layers can achieve at most 76.5% ImageNet accuracy even with sophisticated manifold distilla-
tion (Hao et al., 2022), and performance degrades rapidly as student depth decreases below 8-10
layers (Chen et al., 2022a). Traditional pruning approaches (Liu et al., 2022; 2024) are designed for
moderate depth reduction (removing 20-30% of layers) and cannot handle the extreme compression
ratios required for 6-layer models without catastrophic accuracy loss. Other depth compression ap-
proaches, such as network overparameterization Yu et al. (2025) and non-linearity manipulation Fu
et al. (2022); Bhardwaj et al. (2022), have yet to demonstrate scalability to ViTs. Structural mod-
ifications like depth-wise convolutions (Mahmood et al., 2024) and hybrid CNN-ViT architectures
require fundamental changes to the transformer paradigm, making them incompatible with standard
ViT deployments.

Our Contributions. We propose a novel framework that leverages progressive structural repa-
rameterization to enable ultra-efficient Vision Transformers (ViTs). Our approach trains parallel-
branch transformer blocks that gradually merge during training and ultimately collapse into stan-
dard single-branch architectures for lightweight inference. The core idea is to progressively join
these branches at the inputs of key non-linearities—softmax in attention mechanisms and GeLU
in feedforward layers—ensuring exact algebraic reparameterization with no approximation loss.
This allows branches to remain diverse during early training, promoting richer feature learning,
while gradually unifying their representations as training proceeds. Using this framework, we show
that non-deep ViTs with just 4–6 layers can match the accuracy of 12-layer DeiT-Tiny models on
ImageNet-1K while delivering substantial deployment benefits. Specifically, at iso-accuracy, our
reparameterized models reduce end-to-end inference latency by 39% on ARM processors and 37%
on mobile CPUs, and improve throughput by 64% compared to the original ViT. This challenges the
long-standing assumption that depth is essential for transformer performance and opens up new op-
portunities for deployment in mobile and edge computing, as well as emerging analog and photonic
accelerators, where strict memory, latency, and energy constraints dominate.

2 RELATED WORK

ViT Efficiency: Research on efficient ViTs has explored multiple levels of optimization. Token-
level methods, such as DynamicViT (Rao et al., 2021) and TokenLearner (Ryoo et al., 2021), reduce
the number of tokens processed through dynamic selection or learned aggregation. Attention-level
approaches address the quadratic cost of self-attention using linear variants (Katharopoulos et al.,
2020), sparse patterns (Child et al., 2019), or multi-scale designs (Wang et al., 2021). Recent ar-
chitectures challenge core transformer assumptions: EfficientFormer (Lyu et al., 2022) achieves
mobile-speed inference with dimension-consistent design, SwiftFormer (Shaker et al., 2023) re-
places key-value matrix multiplication with element-wise operations for linear complexity, SHViT
(Lee et al., 2024) uses single-head attention for speed, and MoR-ViT (Zhang et al., 2024) applies
mixture-of-recursions for dynamic depth allocation. Hybrid CNN-transformer models combine lo-
cal convolutional inductive biases with global modeling. Examples include CvT (Wu et al., 2021),
CMT (Guo et al., 2022), MobileViT (Mehta & Rastegari, 2022), and NextViT (Li et al., 2022), which
strategically merge CNN and transformer blocks for better accuracy-efficiency trade-offs. Another
major direction for efficiency is pruning and slimming of ViTs, which focuses on identifying redun-
dant components to reduce FLOPs and parameters. Self-Slimmed ViT (Zong et al., 2022) prunes
channels and attention heads using sparsity-inducing gates, while Unified Visual Transformer Com-
pression (Yu et al., 2022) jointly optimizes pruning, quantization, and knowledge distillation in a
single framework. X-Pruner (Yu & Xiang, 2023) introduces a differentiable search process to prune
layers, heads, and tokens simultaneously, and LPViT (Xu et al., 2024) leverages frequency-domain
low-pass filtering to reduce computational cost. While these methods successfully lower within-
layer computation or partially remove layers, they rely on approximations and post-hoc distillation,
and are fundamentally constrained by the assumption of deep sequential models. In contrast, our ap-
proach reparameterizes entire branches during training and produces an exactly equivalent shallow
transformer at inference, enabling aggressive depth reduction (down to 3–6 layers) while retaining
compatibility with standard ViT inference pipelines.
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Figure 1: Proposed Depth Compression Framework for ViTs

Structural Reparameterization: Structural reparameterization decouples training-time architec-
tural complexity from inference-time efficiency. RepVGG (Ding et al., 2021b) pioneered this idea
by showing that multi-branch training structures can be algebraically collapsed into single-branch
inference networks without performance loss. Diverse Branch Block (DBB) (Ding et al., 2021a)
extended this with multi-scale transformations during training, while OREPA (Hu et al., 2023) in-
troduced online reparameterization to reduce training-time memory costs. UniRepLKNet (Ding
et al., 2024) showed that extremely large kernels can be efficiently compressed for deployment, and
RepViT (Wang et al., 2024) adapted these ideas to mobile backbones such as MobileNetV3. Exten-
sions to transformers have been limited: FastViT (Vasu et al., 2023) introduced RepMixer for token
mixing, while RePaViT (Chang et al., 2024) applied reparameterization only to FFN layers.

Non-Deep Network Architectures: A growing body of work challenges the long-standing as-
sumption that increasing network depth is the only path to strong performance. Early studies such
as WideResNets (Zagoruyko & Komodakis, 2016) highlighted the fundamental trade-off between
width and depth in convolutional networks, demonstrating that sufficiently wide but shallow archi-
tectures can match or even surpass the accuracy of deep, narrow counterparts. Building on this idea,
ParNet (Anwar & Hwang, 2021) showed that parallel subnetworks can achieve competitive accuracy
with drastically reduced sequential depth by exploiting modern hardware for parallel computation.
More recently, Wightman et al. (Wightman et al., 2022) demonstrated that carefully optimized train-
ing strategies allow even relatively shallow ResNets to rival deep models, although they still require
more than 12 layers to remain competitive. Certain pruning and slimming approaches, such as X-
Pruner (Yu & Xiang, 2023), implicitly take advantage of this width–depth trade-off by adaptively
thinning or widening layers to balance efficiency and capacity. However, these methods stop short
of explicitly constructing ultra-shallow architectures and instead focus on gradual compression of
deep models. From a theoretical standpoint, recent results on shallow Vision Transformers (Li et al.,
2023) formalize the conditions under which depth becomes less critical. Specifically, when (i) patch
embeddings are sufficiently expressive and (ii) attention and MLP widths scale appropriately with
token count, shallow transformers can achieve competitive sample complexity, with depth contribut-
ing only sublinearly once token- and width-dependent margins dominate. Our design aligns with
these theoretical insights: the final deployed model uses only L/n sequential layers while preserv-
ing the width and tokenization of the original L-layer ViT, thus satisfying the scaling preconditions
for shallow generalization and efficient deployment.

3 PROPOSED METHOD

3.1 OVERVIEW AND CHALLENGES

ViTs achieve strong performance through deep stacks of transformer blocks, each containing multi-
head self-attention (MHSA) and feed-forward network (FFN) modules. However, this depth creates
severe computational bottlenecks for deployment. Our approach mitigates this by training parallel
transformer branches that are later collapsed into a single branch at inference, drastically reducing
depth while preserving representational capacity. The key idea is that, with proper constraints, paral-
lel branches can be algebraically reparameterized into one equivalent branch without approximation
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error. Consider two parallel transformer blocks processing the same input X . Each branch has inde-
pendent parameters and computes its own transformations, but we seek to merge them into a single
set of operations. If the blocks contained only linear operations, this would be trivial—we could
simply sum the weight matrices. In practice, three challenges prevent naive reparameterization:
First, non-linearities—softmax in MHSA and GELU in FFN—break the linearity needed for direct
combination. For example, softmax(QKT

A) + softmax(QKT
B) ̸= softmax(QKT

A + QKT
B).

Second, Layer Normalization (LN) within each block introduces mismatched normalization statistics
across branches, disrupting fusion. Third, multi-head attention concatenates head outputs, making
it impossible to directly align and merge branches since [HA,1; . . . ;HA,h] from Branch A cannot be
cleanly combined with Branch B.

We address these challenges through a unified framework that combines architectural modifications
with progressive training. LN operations are extracted from parallel branches, and MHSA is refor-
mulated using blockwise operations to replace concatenation with summation. During training, we
progressively join branch outputs at the inputs to non-linear functions, so that by the end of train-
ing, all branches receive identical inputs. This guarantees exact algebraic reparameterization while
leveraging the diversity and capacity benefits of parallel training.

3.2 ARCHITECTURAL MODIFICATIONS FOR REPARAMETERIZATION

Layer Normalization Factorization: To enable structural reparameterization, we must first address
the fundamental incompatibility created by LN operations within parallel branches. The standard
transformer architecture applies LN before each sub-module: one before MHSA and one before
FFN. In a parallel-branch setting, if these normalizations occur within branches, each branch com-
putes different normalization statistics, preventing algebraic combination. Our solution restructures
the architecture by extracting LN operations from within the parallel branches and positioning them
before the branching points. This ensures both branches receive identically normalized inputs. To
maintain mathematical equivalence while enabling this restructuring, we absorb the LN parameters
into adjacent linear transformations.

For FFN modules, we absorb the LN parameters forward into the FFN’s first linear transforma-
tion. This is possible because the FFN begins with a linear layer that can directly incorporate the
normalization’s scale and bias parameters. The original computation W1 · LN(x) becomes:

W new
1 = W1 · diag(γ), bnew

1 = W1β + b1 (1)

where diag(γ) creates a diagonal matrix from the scale parameters. This absorption maintains the
mathematical equivalence while eliminating LN from within the parallel branches. For MHSA mod-
ules, however, forward absorption is not feasible because it would disrupt the specific mathematical
structure required for attention reparameterization. The attention mechanism relies on the XWXT

formulation (detailed in Section 3.3), where inserting LN parameters would break this clean alge-
braic form needed for branch combination. Therefore, we absorb the MHSA LN parameters back-
ward into the previous transformer block’s FFN layer. Specifically, if the previous layer computes
y = W2h + b2, and this is followed by LN with parameters γmhsa, βmhsa before the next MHSA
module, we modify:

W new
2 = diag(γmhsa) ·W2, bnew

2 = γmhsa ⊙ b2 + βmhsa (2)

For the first MHSA module, where no previous FFN exists, we absorb these parameters into the
patch embedding layer. This systematic absorption ensures that our restructured architecture com-
putes exactly the same function as the original while enabling parallel branches to process identical
normalized inputs, with each module’s specific structural requirements properly addressed. Im-
portantly, this approach completely eliminates the computational overhead of Layer Normalization
operations while adding no additional computational cost to the linear/non-linear transformations.

Blockwise Multi-Head Attention Reformulation: The standard multi-head attention implemen-
tation creates a structural barrier to reparameterization through its use of concatenation operations.
After computing attention for each head independently, the outputs are concatenated before the final
projection, which prevents clean algebraic combination of parallel branches. Our solution reformu-
lates multi-head attention using blockwise operations that eliminate concatenation entirely. Instead
of concatenating head outputs before applying a monolithic output projection matrix WO ∈ Rd×d,
we partition this matrix into head-specific blocks: WO = [WO

1 ,WO
2 , . . . ,WO

h ], where WO
i ∈

4
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Rdh×d. Each head’s output is now independently projected and the final output is computed through
summation rather than concatenation followed by projection:

Output =
h∑

i=1

HiW
O
i =

h∑
i=1

softmax
(
QiK

T
i√

dk

)
ViW

O
i (3)

This reformulation is mathematically equivalent to standard multi-head attention but replaces the
non-linear concatenation with linear summation, enabling clean reparameterization after training.
This blockwise computation introduces no additional computational overhead, as modern GPUs and
edge accelerators can efficiently execute these head-wise operations in parallel through native block
matrix multiplication primitives, eliminating any synchronization barriers that might arise from the
summation operation.

3.3 PROGRESSIVE JOINING FRAMEWORK

With the architectural modifications in place, we now present our progressive joining mechanism
that enables structural reparameterization while maintaining diverse representations during training.
The key innovation lies in how we handle the computation before and after non-linear functions
differently to enable algebraic combination.

Reparameterization Before Softmax: For the attention mechanism, the critical insight is to reorder
the computation of attention scores to enable pre-softmax combination. In standard attention, each
branch would compute: (QKT )A = QAK

T
A = (XWQ

A )(XWK
A )T . We restructure this computa-

tion by recognizing that this can be rewritten as: (QKT )A = XWQ
A WKT

A XT = XWAX
T , where

WA = WQ
A WKT

A is a combined weight matrix. This reordering is crucial because it transforms
the attention score computation into a form XWXT that can be algebraically combined across
branches. Since computing in the XWXT formulation operates in the full embedding dimension d
rather than the per-head dimension dh, this approach is computationally more expensive than tradi-
tional QKT computation. For DeiT-Tiny Wu et al. (2022) with d=192, n=197 tokens, the XWXT

approach requires 58.8M operations compared to 43.9M for traditional QKT , representing a 33%
increase. However, this allows offline precomputation and storage of the combined weight ma-
trix W , reducing the dataflow from three matrix multiplications (X→Q, X→K, Q×KT ) to two
(X→XW , XWXT ), potentially improving efficiency. Since FFN operations dominate the com-
pute (116.1M operations vs 43.9M for attention in DeiT-Tiny), our MHSA overhead is negligible,
incurring ∼7% of the total ViT computation. A similar proportion of overhead is also observed in
terms of the number of parameters.

During training with progressive joining parameter λ(t), both branches compute:

Branch A and B attention scores: XWAX
T , XWBX

T (4)

Branch A and B softmax receives: X(WA+λ(t)WB)X
T , X(WB+λ(t)WA)X

T (5)

One concern of the joining is scale amplification: merging multiple score distributions increases
variance and can destabilize training. Assuming WA and WB are identically distributed, the effective
variance of the combined attention logits grows with (1 + λ2(t)). Thus, the rectified pre-softmax
scale becomes

√
1 + λ2(t)

√
dk. λ(t) follows a linear schedule: λ(t) = t, where t is uniformly

varied from 0 to 1 during training. This schedule ensures smooth transition from independent branch
processing (λ=0) to fully joined computation (λ = 1), allowing branches to develop complementary
features while gradually aligning their computations for perfect reparameterization. At convergence
when λ = 1, both branches receive X(WA + WB)X

T , enabling perfect reparameterization with
Wcombined = WA +WB = WQ

A WKT

A +WQ
B WKT

B .

Reparameterization After Softmax: After the softmax operation, both branches produce identical
attention weights when λ = 1. For each head i, the attention computation becomes:

Hi,combined = softmax

(
X(WQ

A,iW
KT

A,i +WQ
B,iW

KT

B,i )X
T

2
√
dk

)
·X(WV

A,i +WV
B,i) (6)

where Hi,combined is the combined attention output for head i. Since both branches now com-
pute identical softmax outputs for each head, the value projections can be directly combined as
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WV
i,combined=WV

A,i+WV
B,i. The final output across all heads, using our blockwise reformulation:

Outputcombined =

h∑
i=1

Hi,combined ·WO
i,combined =

h∑
i=1

Hi,combined · (WO
A,i +WO

B,i) (7)

where WO
i,combined = WO

A,i+WO
B,i is the combined output projection for head i. The blockwise struc-

ture ensures that each head’s computation remains independent and can be algebraically combined
after training.

Feed-Forward Network Reparameterization: For the feed-forward network, progressive joining
operates similarly. Each branch computes its first-layer output independently, but these values are
progressively combined before the GELU activation:

Branch A and B computes: hA = W1Ax, hB = W1Bx (8)
Branch A and B GELU receives: hA+λ(t)·hB , hB+λ(t)·hA (9)

At convergence when λ=1, both branches apply GELU to hA + hB = (W1A + W1B)x, enabling
reparameterization with W1,combined = W1A +W1B . Since both branches produce identical GELU
outputs, the second layer can be combined as W2,combined = W2A +W2B . Please refer to Algorithm
1 in Appendix for additional details on our structural reparameterization.

3.4 IMPLEMENTATION DETAILS

Our framework transforms a standard L-layer transformer into a compact L/n-layer model for de-
ployment, where n is the compression factor. During training, the original L sequential layers are
replaced by L/n parallel blocks, each with n branches, maintaining identical parameter count
and FLOPs to the original model. After training, we reparameterize by summing branch weights,
yielding a standard L/n-layer sequential transformer compatible with existing inference frame-
works. For example, compressing DeiT-Tiny’s 12 layers to 6 layers uses 2-branch blocks, where
each block has twice the parameters of a single layer, keeping the total count constant. The only
added cost during training is temporary storage of activations for all branches, mitigated by having
fewer blocks and efficient tensor-parallel execution.

We adopt progressive joining immediately after pre-training, with a 10k-step warmup, 50k-step ad-
justment phase. Each block processes input X by computing all n branch transformations in parallel,
progressively combining outputs, and summing them to form the block’s output. Gradients natu-
rally flow through this mechanism, implicitly regularizing branches by encouraging complementary
learning. Reparameterization is computationally trivial, requiring only a single weight summation
per block: Wcombined =

∑n
i=1 Wi. The final compressed model has significantly fewer sequential

layers, reducing latency and memory while preserving accuracy. Our approach is compatible with
standard optimizations such as mixed-precision, gradient accumulation, and distributed data paral-
lelism. Progressive joining also acts as a regularizer, enabling the compressed model to match or
even exceed the performance of the deeper baseline.

4 EXPERIMENTS

We conduct extensive experiments to validate the effectiveness of the proposed re-parameterized ViT
across a diverse set of tasks, including supervised fine-tuning on ImageNet-1K Deng et al. (2009),
self-supervised pre-training, transfer learning to several small-scale classification benchmarks, and
dense prediction tasks such as object detection and instance segmentation. All training and fine-
tuning experiments are performed on 8 NVIDIA H200 GPUs, each with 141 GB of memory. De-
tailed experimental configurations are provided in Appendix A. To assess latency and throughput, we
benchmark our models on three representative processors spanning a wide computational spectrum:
a GPU (RTX 4080), a CPU (Intel i9-9900X, single-thread), and an ARM processor (Cortex-A72,
single-thread). Latency is reported for batch size 1, while throughput is measured using a batch size
of 32.

Model setup and notation: We adopt DeiT Touvron et al. (2022) for supervised learn-
ing and MAE He et al. (2022) for self-supervised learning, following the efficient design
principles of Wang et al. (2023). Even lightweight ViTs are configured with 12 attention
heads, and during fine-tuning, global average pooled features replace the class token for im-
proved performance. For MAE, we add knowledge distillation from an MAE-Base teacher
by transferring attention maps, which boosts downstream performance over DeiT-based models.
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Table 1: Evaluation of our re-parameterized ViTs on ImageNet-1K with 300-
epoch fine-tuning. Our low-depth models deliver substantially higher throughput
and lower latency compared to the 12-layer DeiT-Tiny baseline, while maintain-
ing comparable or better accuracy.

Methods #parameters FLOPs Throughput Latency Latency Accuracy
on GPU (fps) on CPU (ms) on ARM (ms) Top-1 (%)

DeiT-Tiny (12 layers) 5.7M 1.08G 1723 66.1 793 72.2

DeiT-6 3.1M 556M 2932 41.3 456 63.4
D-MAE-6 68.6

DeiT-4 2.2M 381M 3756 32.2 361 54.2
D-MAE-4 61.0

DeiT-3 1.7M 293M 4114 28.4 289 38.7
D-MAE-3 53.8

D-MAE-6-R 3.3M 595M 2840 41.7 482 72.4
D-MAE-4-R 2.4M 415M 3592 33.4 397 67.0
D-MAE-3-R 1.9M 322M 3884 31.0 347 60.5

In multi-branch settings,
the distillation loss is
computed as the mean
squared error between
the teacher’s attention
maps and the averaged
maps across branches.
We adopt a unified
naming scheme for
clarity. A model with
l layers, knowledge
distillation, and our
re-parameterization is
written as D-arch-l-R.
Depth-scaling baselines
without re-parameterization are denoted as D-arch-l. Wider variants with n parallel branches are
represented as D-arch-l-n.

Evaluation on ImageNet-1K: Table 1 highlights the performance of our re-
parameterized ViTs on the ImageNet-1K classification task, with a focus on latency

Table 2: Comparisons with previous SOTA networks
with similar top-1 accuracy on ImageNet-1K. Our
models achieve competitive accuracy while signifi-
cantly reducing parameter count and FLOPs.

Methods #param. FLOPs Acc. Top-1 (%)

Supervised & convolutional models

MobileNetV2 Sandler et al. (2018) 3.5M 310M 72.0
FasterNet-T0 Chen et al. (2023) 3.9M 340M 71.9
EtinyNet-M1 Xu et al. (2023) 3.9M 117M 65.5
MicroNet-M3 Li et al. (2021b) 2.6M 21M 62.5

Supervised & convolutional ViT/pure ViT models

Mobile-Former-96M Chen et al. (2022b) 4.6M 96M 72.8
MobileViT-XS Mehta & Rastegari (2021) 2.3M 1.05G 74.8

PVTv2-B0v Wang et al. (2022) 3.4M 600M 70.5
EdgeViT-XXS Pan et al. (2022) 4.1M 600M 74.4

RePa-DeiT-Tiny/0.5 Xu et al. (2025) 4.4M 800M 69.4
DeiT-Tiny Touvron et al. (2021) 5.7M 1.08G 72.2

DeiT-6-R 3.1M 595M 70.2
DeiT-4-R 2.2M 415M 64.1
DeiT-3-R 1.7M 322M 58.5

Self-supervised & pure ViT models

D-MAE-Tiny Wang et al. (2023) 5.7M 1.08G 78.4
D-MAE-6-R 3.1M 595M 72.4
D-MAE-4-R 2.2M 415M 67.0
D-MAE-3-R 1.7M 322M 60.5

and throughput across different hardware
platforms. While the baseline DeiT-Tiny
model with 12 layers achieves a top-1 ac-
curacy of 72.2%, it suffers from signif-
icant latency (66.1 ms on CPU, 793 ms
on ARM) and low GPU throughput (1723
fps), making it impractical for real-time or
edge deployments. Our re-parameterized
models demonstrate that substantial depth
reduction can be achieved without sacri-
ficing accuracy. Specifically, D-MAE-6-
R matches and slightly outperforms DeiT-
Tiny with a top-1 accuracy of 72.4%,
while reducing CPU latency by 37% (from
66.1 ms to 41.7 ms) and improving GPU
throughput by 65% (from 1723 fps to 2840
fps). Similarly, ARM latency improves by
39% (from 793 ms to 482 ms), making our
approach especially attractive for edge and
mobile platforms. Even more aggressive
depth reductions to 4 or 3 layers (D-MAE-
4-R and D-MAE-3-R) maintain competi-
tive accuracy (67.0% and 60.5%, respectively), while delivering progressively higher throughput
and lower latency. This demonstrates the scalability of our approach, where reducing depth directly
translates to deployment efficiency gains.

Comparison with prior works: We evaluate our approach on the ImageNet-1K classification
task, where supervised models are directly re-parameterized after pretraining without additional
fine-tuning, while self-supervised models are fine-tuned for 300 epochs post-reparameterization.
Table 2 compares our low-depth, re-parameterized ViTs with previous state-of-the-art convolu-
tional networks, hybrid convolutional-transformer models, and pure ViTs. Convolution-based
models (e.g., MobileNetV2, FasterNet-T0) and hybrid CNN-ViT models (e.g., EdgeViT, Mo-
bileViT) tend to have lower FLOPs because convolution kernels are spatially shared through
sliding-window operations. In contrast, pure ViTs rely on token-mixing via matrix multiplica-
tions or MLPs with no weight sharing, which inherently results in higher FLOPs for the same
representational capacity. However, many convolutional and hybrid models achieve their ef-
ficiency through custom operators and irregular memory access patterns, which are often dif-
ficult to optimize for GPUs and edge devices. As a result, their theoretical FLOP advan-
tage does not always translate to practical speedup. In contrast, our approach uses stan-
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dard ViT blocks without any custom modules or architectural “bells and whistles”, ensuring
compatibility with widely used hardware accelerators and making deployment straightforward.

Table 3: Transfer evaluation on classification tasks and dense-
prediction tasks. Self-supervised pre-training approaches gen-
erally show inferior performance to the fully-supervised coun-
terpart. Top-1 accuracy is reported for classification tasks and
AP is reported for object detection (det.) and instance segmen-
tation (seg.) tasks.

Methods Datasets COCO
Flowers Pets CIFAR10 CIFAR100 iNat18 (det.) (seg.)

supervised
DeiT-Tiny Wang et al. (2023) 96.4 93.1 96.1 85.8 63.6 40.4 35.5

D-DeiT-6-R 94.8 87.5 95.4 81.3 62.5 38.1 33.5
D-DeiT-4-R 94.1 79.3 93.1 75.6 60.7 35.1 31.4
D-DeiT-3-R 91.5 77.1 90.4 70.3 54.5 31.1 27.1

self-supervised
D-MAE-Tiny Wang et al. (2023) 95.2 89.1 95.9 85.0 63.6 42.3 37.4

D-MAE-6-R 94.2 82.8 95.2 81.8 62.8 38.0 33.6
D-MAE-4-R 93.1 76.4 93.8 76.6 61.9 35.3 31.8
D-MAE-3-R 90.2 75.1 90.4 68.0 53.2 29.2 26.7

Our method achieves competitive
accuracy while significantly
reducing network depth. For
instance, DeiT-6-R and D-MAE-
6-R achieve 70.2% and 72.4%
top-1 accuracy, respectively,
using only 3.1M parameters and
595M FLOPs, outperforming
RePa-DeiT-Tiny/0.5 (69.4%)
while remaining competitive with
EdgeViT-XXS (74.4%)—despite
using a simpler, fully transformer-
based design. Compared to
the 12-layer baselines DeiT-
Tiny (72.2%) and D-MAE-Tiny
(78.4%), our 6/4/3-layer variants
reduce parameter count and
FLOPs by up to 66%, while maintaining similar accuracy.

Transfer Learning: We evaluate transfer performance on Flowers Nilsback & Zisserman (2008),

Table 4: Effect of Joining Stage on ImageNet-1K fine-tuning
(Top-1 %) for D-MAE-6-R. All experiments use a total fine-
tuning of 300 epochs and 10k-step warmup 50k-step adjust-
ment with a linear lambda scheduler. #epochs-to-70% indi-
cates the number of fine-tuning epochs required to reach 70%
Top-1 accuracy.

Joining Stage Top-1 (%) #epochs-to-70%

After pre-training (A) 72.4 260
Fine-tune begin (B) 71.5 265
Mid fine-tune (C, inserted at the 150th epoch) 70.1 295
Final stage of fine-tuning (D) 68.9 -

Pets Parkhi et al. (2012), CIFAR-10
Krizhevsky et al. (2009), CIFAR-100, and
iNat-18 Van Horn et al. (2018) (Table 3).
Both D-DeiT-6-R and D-MAE-6-R re-
main competitive with their 12-layer base-
lines, while the 4- and 3-layer variants
are underperformed on several datasets.
For instance, D-MAE-3-R achieves only
75.1% on Pets. On COCO Lin et al. (2014)
detection and segmentation with Mask-
RCNN 1× He et al. (2017) referring to
configurations provided by Li et al. (2021a), D-MAE-6-R achieves 38.0 AP (det.) and 33.6 AP
(seg.), close to the MAE-Tiny baseline (42.3 / 37.4). This demonstrates that re-parameterized back-
bones preserve the spatial information required for dense prediction.

Effect of Joining Stage: We investigate how the stage at which the joining operation is introduced
affects fine-tuning. Intuitively, applying joining too early may interfere with stable representation
learning, whereas applying it too late may reduce the model’s ability to adapt to downstream tasks.
We consider four strategies: A, applying joining immediately after pre-training and maintaining it
throughout fine-tuning, enabling progressive joining from the start and facilitating smooth task adap-
tation; B, introducing joining only at the beginning of fine-tuning, so that the model is optimized
jointly with the task objective from the outset; C, delaying joining until the middle of fine-tuning
(150th epoch), under the assumption that joining is most effective once the model has largely tran-
sitioned to task-specific representations; and D, applying joining only at the final stage, thereby
preserving maximum flexibility during fine-tuning and constraining the model only at the end. Our
results in Table 4 indicate that introducing joining immediately after pre-training achieves the most
consistent gains, suggesting that the re-parameterization mechanism benefits from guiding the opti-
mization trajectory early on, while overly delaying the joining reduces its effectiveness.

Lambda Scheduling and Diversity Regularization: We investigate the effect of differ-
ent lambda scheduling strategies and the addition of diversity regularization on the effective-
ness of re-parameterization. To reduce redundancy among branches during and after join-
ing, we introduce a diversity regularization that penalizes squared cosine similarity between
branch features. Given n feature representations {f1, f2, . . . , fn} from different branches,
we compute the average pairwise cosine similarity: Ldiv = 1

(n2)

∑
i<j E

[
cos(fi, fj)

2
]
, av-

eraged across attention and FFN layers and added to the training objective with weight α
=0.05. This encourages complementary representations that can be better fused after joining.
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Table 5: Ablation on joining configurations (schedul-
ing functions and implement of diversity regularization),
using D-MAE-6-R, D-MAE-4-R and D-MAE-3-R pre-
trained via distillation on ImageNet-1K and evaluation on
CIFAR10. Lambda scheduling implementation details are
shown in Appendix B.2.

Lambda sche. func. Div. reg. Accuracy Top-1 (%)
D-MAE-6-R D-MAE-4-R D-MAE-3-R

no joining (λ = 0) ✗ 95.9 94.0 92.2
instant joining (λ = 1) ✗ 91.0 86.8 83.4

✓ 95.2 93.8 90.4linear
✗ 94.9 92.9 89.8
✓ 93.9 92.2 90.2cosine
✗ 93.9 91.7 89.7
✓ 94.1 91.6 87.8exponential
✗ 94.3 91.2 84.4
✓ 94.6 91.7 88.9sqrt
✗ 94.5 91.4 87.8

Table 5 shows three main findings. First, in-
stant joining severely degrades performance,
confirming the necessity of a progressive
schedule. Second, among schedulers, linear
interpolation achieves the best overall accu-
racy and stability across model scales, while
cosine, exponential, and square-root variants
yield comparable but slightly weaker results.
In particular, exponential and square-root
schedules degrade most notably as the num-
ber of branches increases (e.g., D-MAE-3-R).
Third, adding diversity regularization consis-
tently improves results across all schedules
on small-scale datasets such as CIFAR-10
(e.g., +0.6-1.6% for D-MAE-3-R), but brings
subtle benefit on larger-scale tasks (e.g., ImageNet-1K, COCO), as analyzed in Appendix C.4. Over-
all, linear scheduling combined with diversity regularization achieves the best balance between ac-
curacy and stability, and is adopted as the default configuration in all experiments.

Table 6: Ablation study on ImageNet-1K. Block-
1: Same-param Tiny backbone with ×n paral-
lel branches. Block-2: pure depth-scaling base-
lines. Block-3: our re-parameterized D-MAE-R.
All models are distilled from the same MAE-Base
teacher and fine-tuned for 300 epochs.

Method #Param. FLOPs Top-1 (%)

Block-1
D-MAE-6-2 5.7M 1.08G 75.4
D-MAE-4-3 5.7M 1.08G 71.4
D-MAE-3-4 5.7M 1.08G 68.8

Block-2
D-MAE-6 3.1M 556M 68.6
D-MAE-4 2.2M 381M 61.0
D-MAE-3 1.7M 293M 53.8

Block-3
D-MAE-6-R 3.1M 595M 72.4(+3.8)
D-MAE-4-R 2.2M 415M 67.0(+6.0)
D-MAE-3-R 1.7M 322M 60.5(+6.7)

Depth versus Branching: We disentangle the
contributions of depth and branching structures.
Table 6 compares pure depth scaling, paral-
lel branching without re-parameterization, and
our proposed re-parameterized models. Sim-
ply increasing depth without branches yields
limited improvements, while adding parallel
branches without joining incurs large parame-
ter and FLOP overheads. In contrast, our re-
parameterization strategy consistently achieves
higher accuracy with fewer parameters and sig-
nificantly reduced computation. For exam-
ple, D-MAE-6-R improves Top-1 accuracy by
+3.4% over its depth-scaled baseline while us-
ing only half the compute compared to the naive
multi-branch alternative. This demonstrates
that re-parameterization not only enhances rep-
resentational capacity but also provides a more
efficient trade-off between accuracy and model complexity.

5 CONCLUSIONS & DISCUSSIONS

In this work, we introduced a progressive re-parameterization strategy for ViT) that trains multiple
parallel branches and gradually fuses them into a single streamlined model for deployment. By ex-
plicitly addressing the three core barriers to transformer re-parameterization—non-linear activations,
LN, and MHSA concatenation—our method enables exact algebraic merging without approxima-
tion loss. This allows us to train wide, expressive multi-branch models and deploy ultra-shallow
networks with dramatically reduced sequential depth, making ViTs far more suitable for real-time
edge and mobile deployment.

Our ability to drastically reduce sequential depth aligns well with analog and photonic computing
platforms, where parallelism and massively concurrent operations are natural advantages. Pho-
tonic accelerators, in particular, excel at implementing large matrix multiplications with extremely
high throughput but are hindered by the need for deep, strictly sequential processing pipelines. By
collapsing a deep ViT into a shallow counterpart, our approach could significantly reduce latency
bottlenecks and facilitate seamless mapping to optical cores or mixed-signal arrays, paving the way
for real-time, energy-efficient inference in next-generation hardware. Additionally, extending our
approach to multimodal and spatiotemporal transformers could yield benefits for domains such as
video understanding, robotics, and large-scale edge analytics.
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Hervé Jégou. Training data-efficient image transformers & distillation through attention. In
International conference on machine learning, pp. 10347–10357. PMLR, 2021.

Hugo Touvron, Matthieu Cord, Alexandre Sablayrolles, Gabriel Synnaeve, and Hervé Jégou. Deit
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Ross Wightman, Hugo Touvron, and Hervé Jégou. Resnet strikes back: An improved training
procedure in timm. In NeurIPS 2021 Workshop on ImageNet: Past, Present, and Future, 2022.

Haiping Wu, Bin Xiao, Noel Codella, Mengchen Liu, Xiyang Dai, Lu Yuan, and Lei Zhang. Cvt:
Introducing convolutions to vision transformers. In Proceedings of the IEEE/CVF International
Conference on Computer Vision, pp. 22–31, 2021.

Kan Wu, Jinnian Zhang, Houwen Peng, Mengchen Liu, Bin Xiao, Jianlong Fu, and Lu Yuan.
Tinyvit: Fast pretraining distillation for small vision transformers. In European Conference on
Computer Vision, pp. 68–85, 2022.

Yuxin Wu, Alexander Kirillov, Francisco Massa, Wan-Yen Lo, and Ross Girshick. Detectron2.
https://github.com/facebookresearch/detectron2, 2019.

13

https://github.com/facebookresearch/detectron2


702
703
704
705
706
707
708
709
710
711
712
713
714
715
716
717
718
719
720
721
722
723
724
725
726
727
728
729
730
731
732
733
734
735
736
737
738
739
740
741
742
743
744
745
746
747
748
749
750
751
752
753
754
755

Under review as a conference paper at ICLR 2026

Kaixin Xu, Zhe Wang, Chunyun Chen, Xue Geng, Jie Lin, Mohamed M. Sabry Aly, Xulei Yang, Min
Wu, Xiaoli Li, and Weisi Lin. Lpvit: Low-power semi-structured pruning for vision transformers.
arXiv preprint arXiv:2407.02068, 2024.

Kunran Xu, Yishi Li, and Huawei Zhang. Etinynet: Extremely tiny network for tinyml. In Proceed-
ings of the AAAI Conference on Artificial Intelligence. AAAI, 2023.

Xuwei Xu, Yang Li, Yudong Chen, Jiajun Liu, and Sen Wang. Repavit: Scalable vision transformer
acceleration via structural reparameterization on feedforward network layers. arXiv preprint
arXiv:2505.21847, 2025.

Lu Yu and Wei Xiang. X-pruner: explainable pruning for vision transformers. In 2023 IEEE/CVF
Conference on Computer Vision and Pattern Recognition (CVPR), volume 1, pp. 24355–24363,
2023. doi: 10.1109/CVPR52729.2023.02333.

Shixing Yu, Tianlong Chen, Jiayi Shen, Huan Yuan, Jianchao Tan, Sen Yang, Ji Liu, and Zhangyang
Wang. Unified visual transformer compression. In International Conference on Learning Repre-
sentations, 2022. URL https://openreview.net/forum?id=9jsZiUgkCZP.

Zhongzhi Yu, Yonggan Fu, Jiayi Yuan, Haoran You, and Yingyan (Celine) Lin. Netbooster:
Empowering tiny deep learning by standing on the shoulders of deep giants. In Proceed-
ings of the 60th Annual ACM/IEEE Design Automation Conference, DAC ’23, pp. 1–6. IEEE
Press, 2025. ISBN 9798350323481. doi: 10.1109/DAC56929.2023.10247827. URL https:
//doi.org/10.1109/DAC56929.2023.10247827.

Sangdoo Yun, Dongyoon Han, Seong Joon Oh, Sanghyuk Chun, Junsuk Choe, and Youngjoon Yoo.
Cutmix: Regularization strategy to train strong classifiers with localizable features. In Proceed-
ings of the IEEE/CVF international conference on computer vision, pp. 6023–6032, 2019.

Sergey Zagoruyko and Nikos Komodakis. Wide residual networks. In Proceedings of the British
Machine Vision Conference, pp. 87.1–87.12, 2016.

Hongyi Zhang, Moustapha Cisse, Yann N Dauphin, and David Lopez-Paz. mixup: Beyond empirical
risk minimization. arXiv preprint arXiv:1710.09412, 2017.

Yikai Zhang, Junhao Wang, Zitong Chen, Kuo Liu, Kai Wang, Zhuliang Zhang, Ying Tai, Chengjie
Wang, Feiyue Huang, and Rongrong Ji. Mor-vit: Efficient vision transformer with mixture-of-
recursions. arXiv preprint arXiv:2507.21761, 2024.

Zhuofan Zong, Kunchang Li, Guanglu Song, Yali Wang, Yu Qiao, Biao Leng, and Yu Liu. Self-
slimmed vision transformer. In Computer Vision – ECCV 2022: 17th European Conference,
Tel Aviv, Israel, October 23–27, 2022, Proceedings, Part XI, pp. 432–448, Berlin, Heidelberg,
2022. Springer-Verlag. ISBN 978-3-031-20082-3. doi: 10.1007/978-3-031-20083-0 26. URL
https://doi.org/10.1007/978-3-031-20083-0_26.

14

https://openreview.net/forum?id=9jsZiUgkCZP
https://doi.org/10.1109/DAC56929.2023.10247827
https://doi.org/10.1109/DAC56929.2023.10247827
https://doi.org/10.1007/978-3-031-20083-0_26


756
757
758
759
760
761
762
763
764
765
766
767
768
769
770
771
772
773
774
775
776
777
778
779
780
781
782
783
784
785
786
787
788
789
790
791
792
793
794
795
796
797
798
799
800
801
802
803
804
805
806
807
808
809

Under review as a conference paper at ICLR 2026

A EXPERIMENT SETTINGS

A.1 PRE-TRAINING

For a fair comparison with prior work, we strictly adhere to the training protocols specified in the
corresponding baseline papers. For supervised learning, we adopt the common configurations out-
lined in Touvron et al. (2021). Our setup for MAE closely follows the original design in He et al.
(2022), including the optimizer, learning rate schedule, batch size, and data augmentation strategies.
To better accommodate smaller-scale ViT encoders, we incorporate several adjustments provided
by Wang et al. (2023), aiming to improve training efficiency on lightweight models. Specifically,
we employ an MAE decoder consisting of a single Transformer block with width 192, and set the
masking ratio to 0.75, which we found to yield the best performance in our setting.

Table 7: Pre-training settings for DeiT.
config value

optimizer AdamW
learning rate 1e-3
weight decay 0.05

batch size 1024

learning rate schedule cosine decay
Loshchilov et al. (2017)

warmup epochs 5
training epochs 300

momentum coefficient 0.9

Table 8: Pre-training settings for MAE.
config value

optimizer AdamW
base learning rate 1.5e-4(batch size=256)

weight decay 0.05
optimizer momentum β1, β2 = 0.9, 0.95

batch size 1024
learning rate schedule cosine decay

warmup epochs 40
training epochs 400

momentum coefficient 0.9
masking ratio 0.75
teacher model MAE-Base

A.2 PROGRESSIVE JOINING

Since joining occurs immediately after the completion of pre-training, the training configuration
largely follows that of the pre-training stage. Unless otherwise specified, we set the lambda warmup
period to 10k steps, followed by an adjustment phase of 50k steps, and a linear lambda scheduler is
adopted as the default across all experiments.

A.3 EVALUATION

For self-supervised model fine-tuning, we follow the improved protocol proposed in Wang et al.
(2023) for MAE models. The default hyperparameter settings are summarized in Table 9. We adopt
the linear learning rate scaling rule, defined as lr = base lr × batch size

256 Goyal et al. (2017), and
apply layer-wise learning rate decay following Bao et al. (2021). In contrast, supervised models are
evaluated directly without additional fine-tuning.

A.4 TRANSFER LEARNING

For transfer learning experiments, we follow the standard setup on small-scale classification datasets
(e.g., CIFAR-10/100, Flowers, Pets, Aircraft, Cars) and the protocol described in Wang et al. (2023).
Each dataset is trained using its recommended recipe, with the learning rate and number of epochs
adjusted proportionally to the dataset size. Specifically, we sweep over three candidate learning
rates {1e−2, 3e−2, 1e−1} and three candidate epoch settings {(50, 10), (100, 20), (150, 30)} (total
epochs, warmup epochs) for each dataset, while applying layer-wise learning rate decay factors of
{1.0, 0.75}. Fine-tuning is performed using SGD with momentum 0.9 and a batch size of 512. We
adopt a cosine learning rate schedule with linear warm-up, and all images are resized to 224×224.
Standard augmentations, including random resized cropping and horizontal flipping, are applied,
without additional regularization. This setup ensures that performance comparisons across tasks
primarily reflect the effect of re-parameterization. Finally, iNat18 is evaluated under the same fine-
tuning settings described above.
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Table 9: Fine-tuning evaluation settings.
config value

optimizer AdamW
base learning rate 1e-3

weight decay 0.05
optimizer momentum β1, β2 = 0.9, 0.999
layer-wise lr decay 0.85

batch size 1024
learning rate schedule cosine decay

warmup epochs 5
training epochs {100, 300}
augmentation RandAug(10, 0.5) Cubuk et al. (2020)

colorjitter 0.3
label smoothing 0

mixup Zhang et al. (2017) 0.2
cutmix Yun et al. (2019) 0

drop path Huang et al. (2016) 0

For COCO object detection and instance segmentation we follow the 100-epoch fine-tuning recipe
of Li et al. (2021a), but replace the backbone with our ImageNet-1K pretrained, joined architecture.
To match the baseline setting of Wang et al. (2023), the all sides of the input images is resized to
640 pixels instead of 1024. Our implementation is built on detectron 2 Wu et al. (2019).

B JOINING STRATEGY

B.1 ABLATION STUDY ON THE LENGTH OF PROGRESSIVE JOINING
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Figure 2: Effect of different Lambda Warmup Periods on ImageNet-1K D-MAE-6-R fine-tuning accuracy
with linear lambda scheduler. The red point indicates the best performing warmup (10k steps).

We next investigate the duration and scheduling of the progressive joining process. For clarity,
we define two separate periods: (1) the Lambda Warmup Period, which refers to the number of
steps over which the branch joining coefficient λ(t) gradually increases from 0 to 1. We evaluate
six warmup durations: 0k (instant joining), 5k, 10k, 20k, and 50k steps. (2) the Post-Joining
Adjustment Phase, during which λ remains at 1 and the network can further fine-tune its parameters
to optimize for the fully fused representation. In our experiments, we fix this phase to 50k steps.
Results on ImageNet-1K (Table 2) show that a 10k-step Lambda Warmup Period achieves the best
trade-off between training efficiency and final accuracy, and we adopt it as the default in all main
experiments. Instant joining (0k warmup) destabilizes optimization and yields the worst accuracy,
highlighting the importance of progressive joining. Shorter warmup periods (5k) mitigate instability
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but remain suboptimal, while overly long warmups (20k, 50k) offer only marginal gains at the cost
of unnecessarily extending the process.

B.2 LAMBDA SCHEDULING FUNCTIONS

During the progressive joining process, we employ a scheduling function λ(t) that controls how
quickly multiple branches are fused into a single branch. Here, t ∈ [0, 1] is the normalized training
progress within the Lambda Warmup Period (e.g., 10k steps). After the warmup period, the model
enters the Post-Joining Adjustment Phase, where λ(t) remains fixed at 1 and the network continues
to optimize with a fully fused representation.

We explore four different joining functions:

Linear: λlinear(t) = t (10)

Cosine: λcosine(t) =
1
2 (1− cos(πt)) (11)

Exponential: λexp(t) = 1− e−5t (12)

Square-root: λsqrt(t) =
√
t (13)
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Figure 3: Visualization of different joining functions during the Lambda Warmup Period (t ∈
[0, 10k]). After the warmup (e.g., 10k steps), the Post-Joining Adjustment Phase begins with λ = 1.

Each of these functions provides a different trade-off between early and late joining: Linear lambda
scheduler increases λ at a constant rate. Cosine scheduler starts more smoothly and accelerates later,
which can reduce early instability. Exponential scheduler fuses branches aggressively at the begin-
ning and quickly approaches 1. Square-root scheduler emphasizes slower growth at the beginning
but accelerates faster toward the end.

Figure 3 shows the behavior of these four joining functions over the Lambda Warmup Period, fol-
lowed by the Post-Joining Adjustment Phase (where λ = 1). We observe that cosine and square-root
schedules provide smoother transitions compared to the linear baseline, while exponential is more
aggressive.

C LEARNED REPRESENTATION ANALYSIS

C.1 FEATURE SPACE VISUALIZATION AND BRANCH DIVERSITY

To understand how progressive joining affects the representational capacity of our D-MAE architec-
ture, we conduct a comprehensive analysis of branch representations at different training stages. We
first examine the feature learning space of our pre-trained D-MAE-3-4 model (i.e., the base model
before joining, which we refer to as D-MAE-3-R) through similarity visualization.
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Figure 4: Feature similarity heatmap across branches in the pre-trained D-MAE-3-R model before
progressive joining. The visualization shows cosine similarity between feature embeddings from
attention and FFN outputs of each branch.

As shown in Figure 4, we compute cosine similarity between the attention and FFN outputs of
each branch to generate this heatmap. Our analysis reveals a critical insight: while Layer 0 attention
modules exhibit high inter-branch similarity (average = 0.59), which can be attributed to all branches
receiving identical input tokens, other modules demonstrate relatively low similarity. This finding
confirms that our base model’s branches successfully learn distinct feature spaces before joining,
enhancing the model’s representational capacity through architectural diversity.

C.2 WEIGHT SIMILARITY ANALYSIS: BEFORE AND AFTER JOINING

Since feature similarity analysis becomes less informative after joining (due to joined input shar-
ing by weights making high similarity inevitable), we employ an alternative approach: measuring
similarity between branch weights themselves.

Figure 5: Weight similarity matrices across branches before progressive joining. This analysis cor-
roborates the feature diversity observed in Figure 4, confirming that branches maintain distinct pa-
rameter spaces in D-MAE-3-4.

Figure 5 corroborates our observations from Figure 4, providing additional evidence that the base
3-layer, 4×-wide ViT model with branches effectively enhances representational capacity through
maintained diversity.
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Figure 6: Weight similarity matrices after progressive joining (after Lambda Warmup Period of 10k
steps and Post-Joining Adjustment Phase of 50k steps). Results show concerning overfitting patterns
without diversity regularization, particularly in FFN modules.

C.3 POST-JOINING OVERFITTING CHALLENGES

Figure 6 reveals a critical challenge in our progressive joining approach. After completing the
Lambda Warmup Period (10k steps) and Post-Joining Adjustment Phase (50k steps) without diver-
sity regularization, we observe alarmingly high similarity in FFN weights (0.725-0.928), suggesting
potential overfitting behavior. Interestingly, our experiments reveal dataset-dependent recovery pat-
terns.

Large Dataset Recovery: When continue fine-tuning on ImageNet-1K for 300 epochs without
diversity regularization, FFN weight similarities naturally decrease to very low values (< 0.02),
indicating that large-scale data provides sufficient regularization through its inherent diversity.

Small Dataset Vulnerability: On smaller datasets(e.g. CIFAR10 and CIFAR100) with transfer
learning, FFN weight similarities remain critically high (0.98-1.0) when continue conduct fine-
tuning, suggesting severe overfitting where branches collapse to nearly identical representations.
This phenomenon likely occurs because limited data cannot provide the natural regularization effect
observed with larger datasets.

C.4 ANALYSIS AND DESIGN RATIONALE

The weight similarity patterns we observe can be understood through the lens of optimization dy-
namics. During progressive joining, the λ parameter creates a continuous interpolation between
independent branch optimization and shared parameter updates. Without explicit diversity con-
straints, the optimization naturally converges toward parameter alignment, as this minimizes the
loss function while satisfying the joining objective. However, this convergence comes at the cost of
representational diversity, which is particularly problematic when the training data lacks sufficient
complexity to naturally encourage diverse feature learning. The dramatic difference between large
and small dataset behaviors suggests that data diversity acts as an implicit regularizer, preventing
catastrophic similarity collapse in parameter-rich scenarios. This analysis motivates our use of di-
versity regularization as an essential component of the progressive joining framework, ensuring that
the computational benefits of joining do not come at the expense of representational capacity.

D MEMORY USAGE

We measure peak GPU memory consumption under identical settings on a single NVIDIA H100
GPU to evaluate the runtime cost of our re-parameterization. All measurements use an input image
size of 224×224, a batch size of 256, and SGD (momentum = 0.9) for the training runs. No mixed-
precision (AMP) was used; reported numbers are for FP32 to provide conservative (worst-case)

19



1026
1027
1028
1029
1030
1031
1032
1033
1034
1035
1036
1037
1038
1039
1040
1041
1042
1043
1044
1045
1046
1047
1048
1049
1050
1051
1052
1053
1054
1055
1056
1057
1058
1059
1060
1061
1062
1063
1064
1065
1066
1067
1068
1069
1070
1071
1072
1073
1074
1075
1076
1077
1078
1079

Under review as a conference paper at ICLR 2026

estimates. Peak memory for inference was measured in evaluation mode with torch.no grad();
peak memory for training was measured during a forward+backward step. In both cases we reset
and read torch.cuda.max memory allocated() to obtain the peak value (reported in GB).

The results (Table 10 and 11) show a modest training overhead for re-parameterized multi-branch
models: the baseline D-MAE-Tiny uses 13.16 GB, while D-MAE-6-R and D-MAE-4-R use 14.43
GB (≈+9.7%), and D-MAE-3-R uses 14.54 GB (≈+10.5%). By contrast, inference peak memory is
essentially unchanged: the baseline reports 1.30 GB and the re-parameterized variants report ≈1.29
GB (≈0.99×).

These findings indicate that the extra memory cost is concentrated in the training phase (due to
additional activations and temporary buffers required by the multi-branch structure), whereas our
progressive re-parameterization effectively folds branches for inference and therefore incurs negli-
gible inference overhead.

E ALGORITHMIC DESCRIPTION OF PROGRESSIVE REPARAMETERIZATION

The core training algorithm for our proposed progressive structural reparameterization is outlined in
Algorithm 1. At a high level, the algorithm operates as follows:

Starting from the input, parallel transformer branches are initialized, and layer normalization is
applied before branches split so that all branches receive identically normalized inputs. Within
each layer of each branch, attention is computed in a blockwise manner, replacing the traditional
concatenation of heads with independent projection and summation per head, as described earlier.

The main novelty arises in the attention computation: every head in every branch independently
computes its own Q, K, and V projections, then combines Q and K weights into a single matrix
Wb,h for that branch and head. This enables computation of attention scores as XWb,hX

T , which
are suitable for algebraic combination across branches. Progressive joining is achieved by mixing
scores from both branches according to a schedule parameter λ(t), with proper scaling to maintain
numerically stable variance. These scores are softmaxed and the resulting attention is applied to
values Vb,h, with output projections performed in a blockwise (head-wise) fashion.

The process also applies to the feedforward (FFN) sublayers, where branch merging occurs at the
non-linear activation. Over the course of training, λ(t) is smoothly increased so that, at convergence,
all branches are merged and the final step algebraically collapses the model into a single-branch
network by summing branch weights.

This procedure guarantees identical sequential and parallel computation at deployment while en-
abling richer representations during training. The pseudocode thus expresses: (1) blockwise atten-
tion and output projection, (2) branch-wise attention score mixing, (3) correct numerical scaling for
score joining, and (4) final algebraic fusion for efficient inference. The entire routine is efficient and
hardware-friendly, requiring no special kernels or additional barriers for parallel deployment.

Table 10: Peak GPU memory consumption (in GB) during training.
Model Params (M) Peak Memory (GB) Relative Overhead

D-MAE-Tiny 1.08G 13.16 1×
D-MAE-6-R 3.1 M 14.43 1.09×
D-MAE-4-R 2.2 M 14.43 1.09×
D-MAE-3-R 1.7 M 14.54 1.10×

Table 11: Peak GPU memory consumption (in GB) during inference.
Model Params (M) Peak Memory (GB) Relative Overhead

D-MAE-Tiny 1.08G 1.30 1×
D-MAE-6-R 3.1 M 1.29 0.99×
D-MAE-4-R 2.2 M 1.29 0.99×
D-MAE-3-R 1.7 M 1.29 0.99×
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Algorithm 1 Progressive Structural Reparameterization for Non-Deep Vision Transformers
Require: Input sequence X ∈ RN×d, number of layers L, number of branches B, progressive

parameter λ(t)
1: Initialize parallel transformer branches {B1, . . . ,BB}
2: for each training step t do
3: for each layer ℓ = 1 to L do
4: Layer Normalization: Apply LN before branching, absorb γ, β into adjacent linear

layers
5: for each branch b = 1 to B do
6: Multi-Head Attention:
7: for each head h = 1 to H do
8: Compute Qb,h = XWQ

b,h, Kb,h = XWK
b,h, Vb,h = XWV

b,h

9: Compute Wb,h = WQ
b,h(W

K
b,h)

T

10: Compute attention scores: Ab,h = XWb,hX
T

11: Progressive joining: Ajoin
b,h = X(Wb,h + λ(t)Wb′,h)X

T for b′ ̸= b

12: Scale scores: Ajoin
b,h ←

Ajoin
b,h√

1+λ2(t)
√
dk

13: Apply softmax: Sb,h = softmax(Ajoin
b,h)

14: Compute head output: Hb,h = Sb,hVb,h

15: end for
16: Blockwise output projection: Ob =

∑H
h=1 Hb,hW

O
b,h

17: end for
18: Feedforward Network: Apply FFN with absorbed LN parameters
19: Progressive joining: Merge branch outputs at non-linear activations (GELU, softmax)

using λ(t) = 1
2

(
1− cos

(
πt
T

))
, where t is linearly increased from 0 to T during training.

20: end for
21: end for
22: Collapse branches: At inference, set λ=1 and combine all branch weights: W final =

∑
b Wb

23: Deploy single-branch, non-deep transformer for efficient inference
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