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Abstract: Tensor-Train Decomposition (TTD) has emerged as a powerful mathematical framework
for compressing neural network models in edge-oriented deployments, significantly reducing
communication overhead between cloud environments and resource-constrained edge devices.
However, its widespread adoption is hindered by the substantial computational overhead of decoding
compressed parameters on edge hardware. In this paper, we experimentally demonstrate and
mathematically validate that TTD achieves superior compression efficiency and better accuracy
retention compared to conventional pruning methods, particularly when fine-tuning is impractical. To
overcome the critical decoding bottleneck, we propose a mathematically rigorous yet hardware-aware
optimization framework specifically tailored for efficient TTD-based deployments. Our approach
leverages existing General Matrix Multiplication (GEMM) accelerators, commonly available in
modern edge processors, to substantially accelerate the computationally intensive Einsum operations
inherent in TTD decoding. Furthermore, we analytically identify redundant reshape operations
between the decoding and inference stages, introducing a novel merging strategy that significantly
reduces memory-bound overhead. Evaluations on a Field-Programmable Gate Array (FPGA)-based
edge inference processor show substantial improvements, including a 3x speedup in reshape operations
and a 69.3% decrease in decoding time. By seamlessly integrating rigorous mathematical formulation,
analytical justification, and practical hardware optimization, this work paves the way for the efficient
real-world deployment of TTD-compressed models on edge devices.
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1. Introduction

Artificial Intelligence (Al) has rapidly solidified its status as a core technology in diverse areas—
including autonomous driving, healthcare, and mobile applications—owing to its remarkable capability
to learn from massive data and make real-time decisions [1,2]. While cloud-based Al models have
traditionally handled both training and inference tasks in centralized data centers, ever-growing
workloads and data transfers pose critical challenges in terms of network latency, energy consumption,
and data privacy [3, 4]. To address these issues, a paradigm shift toward on-device inference has
become essential for systems such as autonomous vehicles, wearable devices, and Internet of Things
(IoT) sensors that demand immediate responses under strict resource constraints [5,6]. More recently,
research efforts have progressed beyond on-device inference to on-device training, where even the
learning process is carried out locally on edge devices [7, 8]. Although this approach minimizes
interactions with the cloud—enhancing real-time responsiveness and safeguarding user privacy—it
remains hampered by the limited computational power and storage space of edge devices, which
restricts the size of trainable models and degrades learning speeds [9, 10].

By contrast, a hybrid scheme that trains large-scale models on the cloud and performs only inference
on edge devices is still widely adopted. It allows for leveraging computationally intensive resources
in the cloud to train more complex and accurate models while flexibly distributing workloads between
the cloud and edge [11, 12]. Nevertheless, this cloud-training—edge-inference approach continues to
incur substantial transmission overhead when periodically distributing trained parameters to edge
devices. Specifically, the energy budget of an edge device is often too limited to accommodate repeated
exchanges of large amounts of data. Hence, minimizing communication energy consumption remains
a pressing challenge in cloud-to-edge model deployment [13, 14].

Various parameter compression techniques have been investigated to reduce the size of transmitted
models, ranging from classical pruning [15-17] and tensor decomposition methods [18-20], to
emerging quantization techniques [21-23], knowledge distillation [24-26], and even hybrid approaches
combining multiple strategies [28-30]. Among these techniques, the Tensor-Train Decomposition
(TTD) [31] stands out due to its mathematical elegance and effectiveness in significantly reducing
model size while preserving the original structure of the neural network. By approximating
large tensors through products of lower-order tensors, TTD can achieve high compression ratios
with minimal performance loss—making it particularly well-suited for resource-constrained edge
devices [32-34]. However, deploying TTD in practice requires an additional decoding step at the device
end, which recreates the original model parameters from compressed factors. This decoding overhead
is the cost paid to save transmission energy, and its mitigation through efficient decoding algorithms is
paramount for practical use of TTD-based compression.

To address these challenges, this paper provides a mathematically rigorous yet practically motivated
approach that leverages existing General Matrix Multiplication (GEMM) hardware units commonly
found in modern Al edge processors. We propose utilizing GEMM accelerators to speed up the Einsum
operations inherent in the TTD decoding process. Furthermore, we introduce a novel optimization
strategy that analytically identifies and merges redundant reshape operations occurring between
decoding and inference phases. This optimization significantly reduces memory-bound overhead,
achieving substantial computational savings. Since our proposed optimization operates directly on the
Tensor-Train (TT) format structure, it can be readily combined with hybrid compression methods,

AIMS Mathematics Volume 10, Issue 7, 15755-15784.



15757

including those that integrate TT-compatible quantization or pruning.

To validate the theoretical foundations and effectiveness of our method, we implement a fully
customized Al edge inference processor integrating a RISC-V Rocket core with a GEMM accelerator
and verify its performance via FPGA prototyping. Experimental results confirm the proposed reshape
optimization alone accelerates reshape operations by approximately threefold, while the combined use
of GEMM acceleration and reshape optimization reduces the overall decoding time by up to 69.3%.
Thus, our contributions can be succinctly summarized as follows:

e We establish theoretical underpinnings and provide experimental analyses demonstrating the
balance between compression efficiency and accuracy achievable by TTD in cloud-to-edge
deployments. Based on these insights, we design a rigorous optimization framework to enhance
the decoding efficiency of TTD-compressed models.

e We demonstrate the reuse of existing GEMM hardware to significantly accelerate the Einsum
operations critical to TTD decoding, thereby alleviating computational burdens without additional
specialized hardware.

o We mathematically identify and analytically prove the redundancy in reshape operations between
decoding and inference stages, proposing an optimized approach to merge these operations, which
dramatically reduces memory-bound overhead.

Overall, this paper bridges the theoretical foundations of tensor decomposition techniques
and practical hardware optimizations, offering an efficient and robust solution for the real-world
deployment of TTD-compressed Al models on resource-constrained edge devices.

2. Comparative analysis of model compression via Tensor-Train decomposition: A
cloud-to-edge perspective

In a cloud-based training and edge-based inference (cloud-to-edge) Al paradigm, large volumes
of model parameters must be periodically distributed from the cloud to edge devices. To reduce
transmission time and energy consumption during these deployments, numerous model-reduction and
compression techniques have been investigated. Representative examples include weight pruning,
which removes redundant or low-importance weights from neural networks [15-17], and tensor
decomposition, which reduces the dimensionality of model parameters [18-20]. Additionally,
techniques such as quantization, which reduce the precision of weights and activations to lower bit-
width representations (e.g., 8-bit or 4-bit integers) [21-23], and knowledge distillation, which transfers
learned representations from a large (teacher) model to a smaller (student) model while maintaining
accuracy [24-26], have also been widely studied.

Unlike cloud environments, however, edge devices typically have stringent constraints on hardware
performance and memory capacity. Thus, effective parameter compression for cloud-to-edge inference
demands not only efficient transmission but also the mitigation of computational overhead arising from
decoding on the device.

Weight pruning is conventionally categorized into unstructured and structured pruning [35].
Unstructured pruning removes individual weights deemed unimportant, achieving high compression
ratios but resulting in irregularly sparse matrices. Such irregular sparsity hinders efficient matrix
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operations unless specialized accelerators are utilized, making it less ideal for edge environments [36].
By contrast, structured pruning eliminates weights in coarse-grained units (e.g., channels, layers, or
blocks), producing structurally sparse matrices that facilitate efficient hardware implementation [35].
Notably, channel pruning, which compresses convolutional layers by removing specific input or output
channels, retains a regular shape conducive to optimized edge inference [37].

Quantization techniques typically include Quantization-Aware Training (QAT) and Post-Training
Quantization (PTQ). QAT employs “fake quantization”, representing weights and activations in
lower-precision integer formats during training, while retaining floating-point computations and full-
precision gradients to minimize accuracy degradation [28]. By contrast, PTQ quantizes pretrained
models without fine-tuning but requires a calibration step with a small dataset to collect activation
statistics [22]. Post-quantization, weights and activations are stored as low-precision integers,
often with distinct scaling factors across tensors. This necessitates a computationally expensive
requantization step (dequantization-rescaling—quantization) when merging tensors, significantly
degrading inference performance unless dedicated hardware accelerators are used, which may be
impractical in edge scenarios due to hardware complexity [23, 38].

Knowledge Distillation (KD) trains a lightweight student model by transferring knowledge from a
larger pretrained teacher model, typically combining soft labels (KL divergence) and hard labels (cross-
entropy loss) [39]. Despite improved accuracy, KD imposes substantial memory and computational
overhead by requiring the large teacher model during training [25, 26]. Additionally, the student
model’s performance is inherently limited by the teacher model’s capabilities, potentially inheriting
biases detrimental to generalization [27].

Tensor decomposition methods, in parallel, have also been extensively explored. Representative
examples include Canonical Polyadic Decomposition (CPD), Tucker decomposition, and Tensor-
Train Decomposition (TTD) [40—43]. CPD approximates high-dimensional tensors as sums of outer
products of vectors, theoretically offering high compression ratios. However, CPD often struggles to
converge reliably, complicating optimal rank determination. Its decoding process involves repeated
outer-product computations, introducing significant complexity for edge implementations [44]. Tucker
decomposition uses a core tensor and associated mode matrices, allowing flexible dimension-wise
compression. Nevertheless, the retained high-dimensional core tensor leads to substantial memory and
decoding overhead on edge devices [45,46].

By contrast, TTD expresses a large-scale tensor as a product of lower-dimensional core tensors [31].
In addition to generally delivering superior compression ratios among decomposition methods [47],
TTD preserves essential structural properties of the data while yielding a compact representation. This
makes TTD highly effective in large-scale data handling, storage, and transmission [48]. Importantly,
decoding from TTD does not require maintaining a high-dimensional core tensor as in Tucker
decomposition; one may recover the original tensor by sequentially multiplying several small core
tensors, thereby reducing both computational and memory requirements on the edge device.

Based on these advantages, we selected channel pruning and TTD—both recognized for their
suitability in edge devices—as main candidates for parameter compression. We then evaluated each
method’s compression effectiveness and its effect on accuracy using practical image classification
tasks. Because compression ratio directly influences the on-device memory usage, it is a key factor
for assessing whether a compression technique is viable on resource-constrained edge hardware. In
our experiments, we used the Canadian Institute for Advanced Research (CIFAR)-10 and CIFAR-100
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datasets and employed ResNetl8, SENetl8, and GoogleNet as representative convolutional neural
networks.

Model parameter compression performance is typically evaluated after a fine-tuning phase that
recovers accuracy lost during compression [49, 50]. However, even under cloud environments, fine-
tuning often demands substantial time and computational resources; consequently, techniques that
omit fine-tuning yet minimize accuracy degradation have received increasing attention [51]. This
consideration becomes particularly relevant in cloud-based model deployment, where the feasibility of
fine-tuning can vary widely. Indeed, whether one can afford fine-tuning or not significantly influences
the effectiveness of a compression scheme. Hence, we evaluate both the scenario that includes fine-
tuning and the scenario that omits it (anticipating heavy computational loads in the cloud) for channel
pruning and TTD, comparing compression ratios and accuracy across both conditions.

Figure 1 illustrates the ResNetl8, SENetl8, and Googl.eNet architectures employed in our
experiments. Each model is built primarily on convolutional layers and contains one or more key
structural blocks: the Residual block (ResNet), the Squeeze-and-Excitation block (SENet), and the
Inception block (GoogLeNet). We apply channel pruning to every convolutional layer, removing
channels of the lowest importance based on a specified pruning ratio. In contrast, TTD is most
beneficial for layers with significantly more parameters than preceding layers; targeting layers with
smaller parameter counts yields minimal additional compression. Accordingly, we define a TTD scope
in Figure 1 that includes continuous sets of parameter-heavy convolutional layers for decomposition.

Algorithm 1 outlines our proposed approach for determining the optimal TTD Scope. The algorithm
starts from the last convolutional layer—typically containing the most parameters—and incrementally
expands the TTD Scope towards earlier layers. This expansion continues until no further compression
gains are observed, thus identifying the optimal set of layers for applying TTD. Figure 2 illustrates
how incremental expansion of the TTD Scope (denoted as B1-x, starting from the last convolutional
block) affects the compression ratio. As the scope expands upwards through layers, compression gains
initially increase but eventually diminish, clearly indicating the optimal point at which to define the
TTD Scope for each architecture.

Algorithm 1 Determining the Optimal TTD Scope for Maximum Compression.

Input M : a Convolutional Neural Network (CNN) model with B basic blocks { blockj, ..., blockg}
Input €, : initial truncation tolerance for TTD
Output S : set of blocks guaranteeing maximal compression ratio under the given €,
S <}
CRyey < 1
: Count the parameters in the entire model M to obtain Pyy,.
: fori: 1toBdo
S’ « {§, block;}
Apply TTD to S’ with €;,;, and count the compressed parameters Py,,,.
CR « Porig / Pcomp
if CR < CR,,., then
break // No further compression gain
end if
CRpey — CR
S S’
: end for
: return S

PN ERD

_____
AWDoY
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Figure 1. Image classification model architectures utilized in our experiments to

systematically evaluate and compare compression performance between Channel Pruning
and TTD.

The proposed Algorithm 1 can generally be applied to most models composed of consecutive
convolutional layers, quickly determining the TTD scope based solely on structural information
without additional accuracy assessments or sensitivity analyses. However, in lightweight architectures
like MobileNet, solely relying on the compression ratio for TTD scope selection could include
accuracy-sensitive blocks, potentially resulting in significant accuracy degradation. Therefore,
additional steps such as accuracy evaluation or sensitivity analysis might be required. In contrast,
deeper architectures such as ResNet50 typically include structurally redundant blocks, making the
proposed approach comparatively more stable.

Once the optimal TTD Scope is identified, the next important step is to determine an appropriate
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truncation tolerance (e€), which directly controls the compression effectiveness and accuracy. Unlike
channel pruning, whose compression ratio is straightforward to predict from the predefined pruning
ratio, TTD’s compression ratio hinges on the extent of singular-value truncation performed in the
iterative Singular Value Decomposition (SVD) procedure. An input threshold e determines how
aggressively small singular values are truncated in each step, thus affecting the resultant compression
ratio. Although a larger € is expected to result in higher compression, it is difficult to determine a
priori the exact ratio. Regarding this, we performed a detailed mathematical analysis of how e affects
approximation error and compression ratio, which is deferred to Section 4.

Figure 3 compares channel pruning (with different pruning ratios) and TTD (with different values
of €) for each network architecture, reporting both accuracy and compression ratio. We observe that
increasing the pruning ratio or € generally improves compression at the cost of accuracy reduction,
albeit with differing behaviors between the two approaches. In channel pruning, the accuracy drop is
fairly linear with respect to the pruning ratio. By contrast, TTD sometimes exhibits certain threshold
points of € beyond which accuracy degrades more sharply. For example, ResNet18 and SENet18
maintain a modest loss (below 2%) until € ~ 0.1, at which point compression ratios around 3X are
reached. GooglLeNet shows a similar behavior, sustaining around 2.4Xx compression at € ~ (.14 with
only 1% accuracy loss. This underlines the importance of selecting an appropriate € for TTD-based
compression.

Table 1 summarizes comparative results for TTD and channel pruning across three architectures.
Top-1 accuracy for CIFAR-10 and both top-1 and top-5 accuracies for CIFAR-100 are reported.
Particularly notable are the cases where fine-tuning is omitted, as fine-tuning is often infeasible
in practical cloud-to-edge scenarios due to significant computational and temporal overhead. We
particularly highlight the following findings on CIFAR-100 without fine-tuning:

e ResNet18: TTD achieves 1.81x compression while sustaining 70.17% top-1 accuracy, a mere
1.25% drop from baseline. By contrast, channel pruning with 1.02x compression degrades
accuracy by 3.33%.

e SENet18: TTD attains 1.75x compression and preserves top-1 (69.97%) and top-5 (90.20%)
accuracy within 0.91% and 0.47% of baseline, respectively. Channel pruning manages only 1.03x
compression yet drops top-1 accuracy by 3.64%.

e GoogLeNet: TTD provides 1.54x compression while achieving 70.44% top-1 and 90.58% top-
5 accuracy, only 1.70% and 0.57% below baseline. Channel pruning, in contrast, compresses to
1.03x but suffers losses of 5.04% (top-1) and 2.77% (top-5).

In particular, for lightweight applications with fewer classification categories, such as CIFAR-10,
the advantages of TTD become even more pronounced in scenarios without fine-tuning. For instance,
ResNet18 achieves a significant compression ratio of 2.87x while incurring an accuracy loss of only
0.76% compared to the baseline. Similarly, SENet18 and GoogleNet maintain accuracy losses below
1% at compression ratios of 2.80% and 2.62X, respectively. These results consistently demonstrate that
TTD provides higher compression efficiency and smaller accuracy degradation than channel pruning
when fine-tuning is not performed.

The experimental findings in Table 1 clearly illustrate that TTD consistently outperforms channel
pruning, not only in scenarios where fine-tuning is possible, but especially in realistic cloud-to-edge

AIMS Mathematics Volume 10, Issue 7, 15755-15784.



15762

deployment contexts, where fine-tuning might be impractical due to computational and resource
constraints. Thus, TTD enables significant parameter reduction while minimizing accuracy loss,
thereby effectively alleviating the computational and temporal overhead associated with frequent
model deployment to edge devices. This is in stark contrast to pruning-based compression techniques,
which rely heavily on fine-tuning to ensure acceptable accuracy after compression [52,53]. Motivated
by these experimental results, subsequent sections of this paper focus primarily on TTD-based
model compression, investigating strategies optimized specifically for efficient model transmission and
inference in edge device environments.

Table 1. Comparative performance of TTD and channel pruning across the three different
architectures on CIFAR-10 and CIFAR-100 datasets, highlighting compression ratio, top-1
accuracy, and top-5 accuracy, with and without fine-tuning.

Model Fine-tuning Compression CIFAR-10 Compression CIFAR-100
Ratio Top-1 ACC. Ratio Top-1 ACC. | Top-5 ACC.

ResNet18-Baseline - 1.0x 93.74 1.0x 71.42 90.96
ResNet18-TTD O 4.09% 93.26 2.76x 69.45 90.76
ResNet18-Pruning O 1.49% 92.60 1.43x 69.20 89.72
ResNet18-TTD X 2.87x% 92.98 1.81x 70.17 90.89
ResNet18-Pruning X 1.06x 92.89 1.02x 68.09 88.80
SENet18-Baseline - 1.0x 93.10 1.0x 70.88 90.67
SENet18-TTD O 3.71x 93.16 2.70x 69.50 89.66
SENet18-Pruning O 1.42x 92.50 1.42x 69.77 89.85
SENet18-TTD X 2.80x 92.22 1.75% 69.97 90.20
SENet18-Pruning X 1.07x 92.43 1.03x 67.24 88.66
GoogLeNet-Baseline - 1.0x 94.45 1.0x 72.14 91.15
GoogLeNet-TTD O 3.69% 93.83 2.27x 71.05 90.88
GoogLeNet-Pruning O 1.58x 92.75 1.64x 69.84 90.70
GoogLeNet-TTD X 2.62x 93.52 1.54x 70.44 90.58
GooglLeNet-Pruning X 1.14x 93.53 1.03x% 67.10 88.38

Blockwise TTD Compression Ratio Blo‘ckwise‘TTD C‘ompre§sion R?tio

1.85

1.8 J

1:1—1H DHH

B1-2 BI-3 B1-4 BI1-5 BI-6 B1-7 BI1-8 B1-2 BI1-3 BI-4 BI-5 BIl-6 BI-7 BI-8 BI-9
TTD Scope (Blockwise from Bottom) TTD Scope (Blockwise from Bottom)

(a) ResNet18 (b) GoogleNet

Compression Ratio (x)
&
\
\

Compression Ratio (x)
~
W
\

Figure 2. Compression ratio variation with incremental expansion of TTD Scope in different
CNN architectures.
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Figure 3. Experimental results comparing accuracy and compression ratio under various
compression hyperparameters: (a)-(c) Channel pruning and (d)—(f) TTD applied to
ResNet18, SENet18, and Googl.eNet models, respectively.

3. Optimization of TTD decoding for edge deployment

In the TTD framework for cloud-to-edge model deployment, the cloud first compresses a trained
model’s parameters using TTD and then transmits the compressed tensors to an edge device. Upon
receiving these factors, the device decodes them back into the original model parameters and proceeds
with inference. Figure 4 illustrates this sequence of operations, highlighting that the decoding step
performed at the edge is the major computational overhead associated with TTD. This overhead
not only counteracts the energy savings gained by TTD’s reduced communication footprint but
also increases the computational burden on edge devices. As such, efficient decoding is a critical
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prerequisite for practical utilization of TTD-based model compression.

Cloud Server Edge Device
D g
=a
=g
Weight Tensor Weight Tensor

Transmission

Compressed Weight Tensor Compressed Weight Tensor

Figure 4. Cloud-to-edge model deployment using TTD. At the edge device, decoding
introduces substantial computational overhead.

In this section, we focus on an image-classification task running on a resource-constrained edge
device. Specifically, we examine how TTD-compressed parameters, transmitted from the cloud, are
decoded and subsequently used for inference, and we propose a novel optimization framework to
accelerate this decoding process.

Decoding Overhead and Its Impact. Convolutional layer parameters targeted for TTD compression
are typically represented as a four-dimensional (4D) tensor W € RP*CHXW - where D denotes the
number of output channels, C the number of input channels, and H, W the height and width of the
convolution kernel, respectively. Once TTD is applied to a convolution layer, the original tensor can be
approximated by a product of four core tensors,

W%Gl'Gz'Gg'Gzh (31)

Gl c er XDXry , G2 c er ><C><r2’ G3 e erxHXr3’ G4 e Rr3><W><r4’

where r; represents the TT-rank, determined by the singular-value truncation threshold e.

By mathematical construction, the boundary ranks are always set to r| = r4 = 1 to ensure correct
tensor reconstruction. Figure 5 illustrates how intermediate TT-ranks ry, r,, and r3 vary with respect to
the truncation threshold €. As € increases, each TT-rank decreases at a distinct rate.
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Meanwhile, the impact of varying € on model accuracy is presented earlier in Figure 3 (d)—(f).
These figures demonstrate a clear trade-off relationship: as € increases, compression ratios improve
but accuracy gradually decreases. By referencing both Figure 5 (TT-rank variations) and Figure 3
(accuracy results), readers can comprehensively understand how changes in € simultaneously influence
compression efficiency and model performance.

On the edge device, the decoding phase reconstructs the original model parameters by multiplying
these core tensors together, culminating in an overhead that can negate the energy savings derived
from TTD’s lighter communication. Thus, to make TTD truly viable in real-world scenarios, we must
minimize this computational overhead at the edge.

Einsum and Reconstruction. Decoding of TTD-compressed parameters on edge devices consists of
two primary stages:

(1) Einsum Stage: This stage involves reconstructing the original model parameters through repeated
matrix multiplications (Einsum operations) applied to the core tensors (G, G;, G3, and Gy)
obtained from the TTD compression. To facilitate these multiplications, each core tensor is
reshaped into a suitable 2D matrix form.

(11) Reconstruction Stage: Once the original parameters have been recovered in matrix form, they are
reshaped back into the original high-dimensional tensor format (e.g., 4D tensor for convolutional
layers), making them ready for subsequent inference.

These repeated reshape operations, as illustrated in Figure 6, do not alter the underlying data but
reorganize it into new shapes. Although reshaping itself is computationally inexpensive, it is memory-
bound, potentially becoming a significant performance bottleneck when performed frequently during
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decoding. Additionally, Figure 7 conceptually demonstrates that even decoding a single convolutional
layer requires multiple matrix multiplications. Extending this across the entire neural network leads
to considerable computational overhead. Therefore, accelerating these repeated Einsum operations is
essential to improve the overall decoding efficiency on resource-constrained edge devices.

(1) 4x4 Matrix 4 x 2 x 2 Tensor (2) 4% 2x 2 Tensor 4x4 Matrix
a1 | Q12 | Q13 | Q14 a1 | Qg2 Qz1 | Q22 111 | Q112 az11 | Az212 QAq11 | Q112 | Q121 | Q122
Q1 | Q2 | @23 | @24 | Reshape | @13 | Gag Q23 | Q24 Q121 | Q122 | | G221 | G222 Qz11 | Q212 | G221 | Q222

Reshape

Q31 | Q32 | 033 | Q34 Q311 | 312 | A321 | 4322

Figure 6. Illustration of tensor reshaping operations: (1) Reshaping a matrix into a three-
dimensional tensor, and (2) Reshaping a three-dimensional tensor back into a matrix.

m T
Matrix Multiplication
rn=1| G 1| G
- > Reshape
(a) lReshape lReshape
(b) 21 T XW— —17 X W—_
! XIC Reshaped 7{ Reshaped Product ri xH
K Tensor (G4) K Tensor (G;) Matrix ) .
3
|
(C) 1 l T2 63
(d) ﬁTZﬁ rng—\ /—TBXC—\ C
, [ Reshaped Reshaped Product P HXW
(7] #ELeT 23 M( Matrix ri Tensor (G3) Matrix j |
1‘4 =
(e) l J' T3 64
(f) /—T3—\( 7, XD 1y XD
D
Reshaped @ Reshaped Product
AR i Matrix 3\ Tensor (G4) Matrix ﬁx HxWxC

Figure 7. Conceptual illustration of the Einsum operation during decoding: (a) Reshaping G,
and G,, (b) Performing a matrix multiplication, (c) Reshaping the result with G3, (d) Another
matrix multiplication, (e¢) Reshaping the result with G4, and (f) Final matrix multiplication.
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Leveraging GEMM at the Edge. A straightforward yet effective way to accelerate these repeated
matrix multiplications is to exploit the GEMM hardware unit already present in many edge Al
processors. Modern accelerators include specialized GEMM Intellectual Property (IP) blocks for high-
throughput processing of deep networks such as CNNs and Transformers. Our key insight is that
the same GEMM engine can be reused for TTD decoding. Since inference and decoding do not
occur simultaneously, the device can dedicate this GEMM engine exclusively to decoding during
deployment, thus avoiding the need for additional custom hardware.

Figure 8 illustrates the end-to-end inference process using TTD-compressed model parameters on
an edge device. In the proposed method, both the Einsum operation during decoding (D1) and the
matrix multiplication in the inference stage (I2) utilize the GEMM IP to enhance computational
efficiency. Notably, during inference, the reconstructed weight tensor from the decoding stage is
convolved with the input tensor using an image-to-column (/M2COL) transformation.

Decoding time Inference time

Xy

Gs Restored Weight Tensor
(D1) ‘ Einsum Input Tensor

(Il)l Unfold

G, G, G,

D2 Reconstruction
( ) Wflatten Xl,col

.. (IZ) l MatMul & Reshape

Restored Weight Tensor

Output Tensor

Figure 8. Overview of the cloud-to-edge inference procedure under TTD-based compression:
(D1) Einsum for decoding, (D2) Reconstruction to original tensor, (I1) IM2COL for matrix
transformation, and (I2) Matrix multiplication-based convolution.

IM2COL is a software-based technique that transforms convolution operations into GEMM. It is
widely adopted in major deep learning frameworks such as TensorFlow and PyTorch. By flattening
high-dimensional input tensors into 2D matrices, IM2COL allows complex tensor-based convolutions
to be executed as simpler and highly optimized matrix multiplications [54]. Since many edge devices
are already equipped with built-in GEMM IPs capable of performing matrix multiplications in parallel,
IM2COL enables efficient convolution execution without requiring dedicated hardware units. Another
advantage of IM2COL is its generality—it consistently converts convolution layers into a unified matrix
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multiplication pattern regardless of kernel size, stride, or padding. This property simplifies hardware
design and ensures better resource utilization by providing a consistent execution path across various
convolution settings. As such, IM2COL offers a practical and essential approach for achieving both
computational efficiency and hardware reusability on resource-constrained edge devices.

Challenge: Redundant Reshape Operations. While decoding with a GEMM engine is advantageous,
it introduces a subtle issue when combined with IM2COL. As shown in Figure 8, after the Einsum
stage, we reshape the result back into a 4D weight tensor W in step (D2). In the subsequent inference
step, (I1), IM2COL again reshapes W to a 2D matrix in order to perform convolution. Hence, the
same tensor is reshaped twice in a row, effectively duplicating effort and wasting memory bandwidth.
To alleviate this, we propose merging these two reshape operations into a single transformation—
effectively omitting the 4D reshaping step during decoding. The result of the Einsum stage can be
directly cast into the 2D format required by IM2COL, as illustrated in Figure 9.

W Wf latten
Restored Weight Tensor
(@
W Wf latten

Proposed optimized Reshape
(b)

Figure 9. Proposed reshape optimization to eliminate redundant operations between
decoding and inference stages: (a) Baseline approach involving two separate reshape
operations, and (b) Optimized approach merging them into a single reshape step.

Summary of Proposed Optimization. Summarizing the above discussion, our approach provides
three main contributions:

(i) We propose leveraging the GEMM engine present on edge devices to significantly accelerate
the Einsum stage of TTD decoding, thus reducing computational overhead without additional
hardware.

(i1)) We identify redundant reshape operations between the decoding (Einsum) and inference
(IM2COL) stages, analyzing how these repeated operations inflate computational overhead and

AIMS Mathematics Volume 10, Issue 7, 15755-15784.



15769

execution time.

(i11) To address this, we introduce a novel reshape optimization strategy that merges consecutive
reshape steps into a single transformation, entirely implementable in software. As illustrated in
Figure 9, this approach removes unnecessary reshaping, reducing reshape operation time by up to
66% according to our experimental results.

This optimization preserves the primary benefit of TTD—reduced communication cost—while
substantially enhancing decoding and inference performance on resource-constrained edge devices.
The following section rigorously analyzes the mathematical foundations underpinning this approach,
providing theoretical justification for its general applicability to typical network architectures.

4. Mathematical justification of proposed optimizations

This section provides a mathematical foundation of TTD, focusing on two main aspects. First,
we investigate how the user-defined truncation threshold € determines the global reconstruction error
and overall compression ratio, thereby illuminating the role of € as a fundamental tuning parameter
in TTD. Second, we formally analyze the computational flow of TTD-based model compression and
demonstrate that repeated reshape operations in both the decoding and inference stages can be merged
into a single transformation. From a mathematical perspective, this confirms that the proposed reshape
optimization goes beyond a mere heuristic and is valid for a broad class of neural network architectures
and convolution operations.

1) TTD and Singular Value Decomposition. TTD factorizes a high-dimensional tensor into a
product of lower-dimensional core tensors. To illustrate, consider first reshaping the original tensor
into a 2D matrix, then applying Truncated Singular Value Decomposition (TSVD). After truncation,
the partial results are appropriately reshaped into core tensors and the next-stage input tensor; this
procedure repeats until the entire original tensor is expressed as a chain of core tensors.

(a) Bidiagonalization via Householder Transformations. Following the notation of [55], let A €
RM*N (M > N) be the matrix obtained by reshaping part of the original high-dimensional tensor.
To transform A into a bidiagonal form, we require N Householder vectors derived by incrementing
the column index, and N — 2 additional Householder vectors derived by incrementing the row index.
Concretely, for k € {1,..., N},

a® = [Alk: M, k], 0,...,0]", (4.1)
u® = aly) + sign(al[1)llal|l e, (4.2)
(k)
w _ _U4
X = , 4.3)
[l u®|l
wheree; =1, 0,...,0]", and zeros are appended to match the dimension RM and

+1, x>0
sign(x) =<0, x=0 4.4)

-1, x<0O.
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Similarly, for £ € {1,..., N — 2}, one obtains a set of Householder vectors { y'} by processing rows of
A. From each Householder vector x* or y©, we construct Householder matrices of the form

K0 T (O \(OT

k) _ _ Yy
Pe=1 2x(k>T 0K

0 — — < _Z
Q¥ =1 2ymT¢0' (4.5)

By multiplying these Householder matrices in sequence, we obtain a bidiagonal matrix B®:

BO = PM...pH A QW...QW-2), (4.6)
U, = PO...PM, y, = QW...QW-2),

Here, U, and V, are orthogonal matrices that normalize the rows and columns of A, respectively,
satisfying B® = UTA V.

(b) Diagonalization via Givens Rotations. Having obtained the bidiagonal matrix B, we next apply
Givens rotations [56] to reduce B to a diagonal matrix X. Concretely, for B® € RVV we multiply by
a sequence of left-rotation matrices S(n, n— 1) and right-rotation matrices T(n, n— 1), where n descends
from N to 1. Each left-rotation matrix S(n,n — 1) is associated with a rotation angle 6, and takes the
form:

1 0 --- 0 0 )
1 .- 0 0 e 0
S(n,n—-1) = [0 O cosf, sin@, --- Of, 4.7)
00 --- —sinf, cosf, --- O
0 0 --- 0 0 _—

where the (n — 1,n)-th block of S(n,n — 1) incorporates cos 6, and sin6, to eliminate subdiagonal
elements in the n-th column of B, In particular, if ¢, denotes the diagonal element and e, the
subdiagonal element at step n + 1, then

G e
Vi, +e; vV, +e;

For right-rotation matrices T(n, n — 1), one employs a separate rotation angle ¢, but otherwise proceeds
analogously to (4.7) and (4.8).

By applying these Givens rotations in sequence fromn = N down ton = 1, we generate intermediate
transformations such that

cosf, = sinf, = 4.8)

B™Y = Sm+1,n)"---S(IN, N- 1) BOTW, N-1)---T(n + 1, n), (4.9)

and ultimately arrive at a diagonal matrix £ € RV*V, Specifically, after performing all left and right
rotations, we obtain

T =81,0"--SW,N-D'BYTW, N-1)---T(1, 0), (4.10)
Ul =81,0"---SW™V, N-1D", V, = T(N, N-1)---T(l, 0).
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Here, Ul and V, are orthogonal matrices formed by concatenating the respective Givens rotations in
their left and right transformations.

Recalling from the Bidiagonalization phase (cf.(4.6)) that B® = UT A V,, we conclude that the net
effect of Bidiagonalization and Diagonalization yields the SVD of A:

X = U2U1AV2V1, U = U2U1, V = V1V2, sothat A = UZVT

Thus, the combination of Householder-based Bidiagonalization and Givens-based Diagonalization
fully characterizes the Golub—Reinsch procedure for obtaining U, X, V! from an arbitrary matrix A.
In TTD, iterating this procedure on reshaped subtensors and performing a subsequent truncation step
(cf. Section 2) leads to compression by discarding minor singular values.

(¢) Truncation. After computing the full SVD of A € R¥*¥ the diagonal entries of X (i.e., the singular
values) are sorted in descending order. For consistency, we permute the columns of U and the rows of
VT to match this sorted arrangement so that each singular value corresponds to the appropriate pair of
left and right singular vectors. Because these singular values quantify the “information content” of A,
sorting them before truncation ensures that the most significant components are retained to maximize
approximation fidelity.

Let 6 > 0 be a truncation threshold. We scan the sorted singular values until we find the first index i
such that the i-th singular value falls below 6. All singular values (and their associated vectors) beyond
index i are discarded. Hence, the matrices U, X, V7 are truncated according to:

Upuncaed = U[1:M, 1:d],  Zguncaed = Z[1:4, 1:i], Viewed = V' [1:0 1:N], (4.11)
where the notation A[ j:k, m:n] refers to the submatrix of A that spans rows j through k and columns
m through n. Consequently, the original matrix A can be approximated by

A = Ununcated Ztruncated VtYIiuncated + E, (4.12)

where E denotes the residual error. Repeatedly reshaping the original high-dimensional data into 2D
form, applying TSVD, and then reshaping partial results into core tensors yields the multi-stage TTD
for the entire tensor.

2) The Role of e: Balancing Compression and Accuracy. In TTD, a user-specified € determines how
aggressively small singular values are discarded at each TSVD step. Then each step k € {1,...,d — 1}
introduces a local error E; with ||[E;||, < ¢. If the original tensor is d-dimensional, TTD typically

performs d — 1 such TSVD steps, so the global reconstruction error satisfies

d-1
A=Al < | D IEdE < Vd-1)& = 6 V-1,
k=1

where A is the matrix representation of the original tensor and A is its reconstructed approximation. As
discussed in Section 2, to limit this cumulative error to be at most €, we may conservatively require

sVi-l<e = 6< de -
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Many applications employ a relative error measure, scaling by [|A|],. In that case,

€
5 = Al (4.13)

Vd -1
which precisely characterizes the trade-off: smaller € yields lower approximation error but also lowers
compression ratio, while larger € induces higher compression at the cost of greater reconstruction
error. This relationship underpins the phenomenon observed empirically in Figure 3, where increasing
€ leads to more aggressive singular-value truncation, higher compression ratios, and correspondingly
larger accuracy loss.

3) Mathematical Analysis of Reshape Operations in TTD. The TTD procedure relies heavily
on repeatedly reshaping high-dimensional tensors into 2D matrices for TSVD, then reshaping the
decomposed factors back into lower-dimensional core tensors for subsequent iterations. We formalize
the reshape definition, illustrate its role in both compression and decoding, and explore how IM2COL-
based convolution can benefit from merging consecutive reshape steps.

(a) Reshape Definition. Formally, let X € R/¥***/i be an N-dimensional tensor, and let Y € R/»*>/i
be an M-dimensional tensor. We define

Y = reshape(X, [Juy, Jyr—1» ..., J1]) if and only if numel(X) = numel(Y), 4.14)

where numel(-) computes the total number of elements in a tensor. For instance, a 3D tensor T €
RE*DXI gatisfies
numel(T) = I} X L, X L. (4.15)

Because reshape merely reinterprets the same contiguous memory with a different shape, it entails
no actual data rearrangement. Hence, reshaping is generally a memory-bound operation rather than a
compute-bound operation.

(b) TTD Workflow. Consider a d-dimensional original tensor W. TTD compresses W by performing
d — 1 iterations of TSVD, reshaping intermediate tensors as necessary. Let C; denote the input tensor
at the k-th iteration. We first reshape C; into a 2D matrix C; as:

numel(C k) ])

C:. = reshape(Ck, [l’k_l, P
k-1 Tk

(4.16)

where 7y, is the size of the k-th dimension of W, and r;_; is the TT-rank carried over from the previous
iteration. We then apply TSVD to Cy:

TSVDL(Co) = Uyineuea Zisuneaea Vinncaea + B (4.17)

The left factor Ug‘jmate 4 18 then reshaped into the next core tensor:
Gy = reshape (UY (11, m, ni), (4.18)
Curr = 10D (B Ve 1 e ) @.19)

Tk
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where numel(Cy1) = 1y X1 X - - Xn,. Repeating this process for k = 1 to d—1 yields, after reshaping
and truncating each 2D matrix, a chain of core tensors that together approximate W. Conversely, during
decoding, the same reshapes are applied in reverse to multiply the core tensors (via repeated Einsum
operations) and recover an approximation W of the original tensor.

Let M® denote the intermediate matrix multiplication result at step k. The Einsum stage then

temp
proceeds as:

Migr)np = reshape(Gy, [roni, r1]) X reshape(Gy, [r1, na r2]),

M2 = reshape(M)  [ronny, 1)) x reshape(Gs, [r2, n313]),

temp temp?

(4.20)
MESI;:)) = reshape(MEfr;?, [roniny...ng_1, rg-1]) X reshape(Gy, [ry-1, nqrql).
Finally, we perform a Reconstruction reshape
W = reshape(MEgglg)), [roni, na, ..., n4l), (4.21)

obtaining the approximation W of the original d-dimensional tensor W.

(c) IM2COL Process and Reshape Merging. We next turn to the IM2COL transformation. Suppose
X € RPXCXH*W ig the input tensor, where D is the batch size, C the input channels, and H, W the height
and width of the feature maps. Let Wy, € ROW-*in-cxHFXWE he the convolution kernels. Here out_c
denotes the output channels, in_c the input channels (matching C), and HF, WF the height and width
of the convolution filters. Define the output feature map size as (OH, OW), given by

H+2p—HF W+2p— WF
oH = TP~ 00 - oy = P ,
S S

where p and s are the padding and stride, respectively. The IM2COL method unfolds both X and W,
into 2D matrices, then performs a matrix multiplication.

First, we slice X by the filter window and stack each patch as a column, forming a 6D tensor
Xopatch € RPXCXOHXOWXHEXWE "Each slice index i, j, u, v runs from 1 to OH, OW, HF, WF, respectively:

Xpaen[1:D, 1:C, i, j, u,v] = X[1:D, 1:C, (=1 s+u, (j—1Ds+v].
We then flatten X into Xeo € RPXIXW by
XH = C xHF xWF, XW = OH x OW, X. = reshape(Xpuch, [ D, XH, XW]). (4.22)
Likewise, we unfold W, into a 2D matrix Wyen € RO“WW_ where
WW = in.c X HF X WF, Wguen = reshape(Weony, [out_c, WWJ). (4.23)
Convolution then becomes a matrix multiplication:
Y[i, 1:outc, 1:OH x OW] = Wiaen X Xeai[i, 1:XH, 1:XW], Y e RPXu-exOHxOW) = (4 24)
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where 7 indexes the batch dimension 1 < i < D. A final reshape of Y matches the conventional
convolution-output format,

Y = reshape(Y, [D, out_c, OH, OW)).

(d) Mergeability of Consecutive Reshapes. Figure 8 outlines how decoding (D1, D2) and inference
(I1,I2) each employs reshaping. In a naive approach, once we finish decoding at step D2, the weight
tensor is reshaped into a 4D array W. Then, I1 (IM2COL initialization) again reshapes W into a 2D
matrix. Formally,

W = reShaPe(M(3) [rO ny, ny, ns, I’l4]) = WCOHV’ Wﬂatten = reShape (Wconv, [OMLC, WW])

temp?

However, since reshaping does not rearrange the underlying memory, it is possible to merge these
consecutive 2D—4D and 4D—2D reshapes into one step. By mapping the TTD-decoding variables
{ro, ny, ...} to the convolution parameters {out_c, WW}, we can directly reshape:

Wiaten = reshape(Weemp, [out_c, WW]), (4.25)

thus bypassing the intermediate 4D form. This merged reshape is mathematically valid whenever
numel(W) and numel(Wi,e,) match that of W emp. Consequently, the extra memory-bound operations
are eliminated, enabling higher efficiency on resource-constrained edge devices without altering any
data or requiring specialized hardware modifications.

(e) Conclusion and Implications. Summarizing the above results, we establish that:

e Reshape in TTD: High-dimensional tensors are systematically reshaped into 2D matrices for
TSVD, then reshaped back to produce either core tensors or subsequent input tensors. This same
pattern appears in decoding via repeated Einsum operations.

e /M2COL Mergeability: Consecutive reshapes in TTD decoding and IM2COL-based convolution
can be merged into a single index transformation, reducing memory-bound overhead by removing
redundant 2D—4D—2D conversions.

This analysis rigorously establishes that the proposed reshape optimization is mathematically
justified and not merely an implementation detail. In the next section, we experimentally demonstrate
how it yields significant performance benefits on an FPGA-based edge Al system, aligning well with
the goals of efficient and flexible model deployment in resource-constrained environments.

5. Experimental results

5.1. Experimental setup and FPGA prototype

We established an experimental setup to quantitatively analyze the acceleration effects of the
Einsum operations in TTD decoding using a GEMM IP, as well as the optimization effects
achieved by eliminating redundant reshape operations during inference. The core component of our
experimental environment, the GEMM IP, was designed based on the Versatile Tensor Accelerator
(VTA) [57], featuring a 320kB on-chip scratchpad memory (SPM) and supporting up to 16 X 16 matrix
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multiplications. For matrices exceeding this dimension, the core divides them into multiple 16 X 16
blockwise matrices, sequentially transfers them into the GEMM IP’s SPM, and aggregates the partial
multiplication results to complete the overall matrix operation.

We developed an edge Al inference processor incorporating this GEMM IP. To achieve this,
we designed a full-custom Register Transfer Level (RTL) implementation utilizing the RISC-V
eXpress EDA tool [58], which has been widely adopted for various RISC-V processor designs—such
as for anomaly detection [59, 60], security-oriented architectures [61], lightweight floating-point
support [62], and processing-in-memory (PIM) integrated edge processors [63,64]. Figure 10 illustrates
the architecture of our proposed edge Al processor. The core consists of a RISC-V Rocket Core [65],
coupled with 64kB of on-chip SRAM and interconnected through a lightweight network-on-chip
(uNoC) [66].

RISC-V On-chip DDR
Core SRAM Controller

System Interconnect

Z

) $—(EEE——

GEMM % Q T Sl o
i <
Engine = 3 5 N

Figure 10. Architecture of the developed full-custom edge Al inference processor based on
a RISC-V Rocket core integrated with a GEMM accelerator.

Subsequently, we validated the functionality of our proposed inference processor through FPGA
prototyping, performing practical inference tasks with real image classification applications. The
FPGA board used for prototyping is the Genesys2 Kintex-7 [67], operating at a clock frequency
of 100MHz. Table 2 summarizes the resource utilization of the developed FPGA prototype. The
total utilization comprises 122,113 Look-Up Tables (LUTs) and 78,482 Flip-Flops (FFs), of which
the Rocket RISC-V core accounts for approximately 12.3% (15,041 LUTs) and 12.6% (9,890
FFs), respectively. Furthermore, the GEMM accelerator designed to expedite inference and decoding
processes consumes 68.9% (84,150 LUTs) and 42.0% (32,939 FFs) of the total resources.

Leveraging the developed processor prototype, we established a cloud-training and edge-inference
model deployment environment. Figure 11 depicts an exemplary demonstration of a CIFAR-10 image
classification application running on our FPGA prototype.
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Table 2. FPGA resource utilization breakdown of the prototyped edge Al inference

processor.
IPs LUTs FFs
Rocket RISC-V Core | 15,041 | 9,890
SRAM 166 323
DDR Controller 7,961 7,581
Peripherals 5,047 | 10,373
System Interconnect | 9,748 | 17,376
GEMM Accelerator | 84,150 | 32,939

Predicted Image

[top-5 Prediction Result]

dog :0.999872
automobile :0.000043
ship :0.000039
truck :0.000025
airplane 10.000011

Edge Al Inference Processor

Figure 11. Demonstration of CIFAR-10 image classification running on the FPGA-
prototyped edge Al inference processor.

For our experiments, we utilized a ResNet20-based lightweight image classification model
optimized for smooth real-time inference on the prototype edge processor. To independently assess the
performance gains from the GEMM IP-based acceleration of TTD decoding and reshape optimizations,
we integrated tracking capabilities into the application that enable monitoring of TTD decoding
operations and GEMM IP activation. The application was executed on our prototyped edge processor
to collect and analyze experimental results.

5.2. Performance evaluation of optimized TTD decoding

We first measured and compared the reshape operation times for two scenarios: the baseline, which
separately executes both reshaping steps (D2 and I1 in Figure 9), and the optimized approach, which
performs a single, merged reshape to directly produce Wgyyen. Table 3 summarizes the measured
reshape times across various tensor shapes. Intuitively, merging two reshape operations into one
might yield a twofold improvement. However, our experimental results demonstrate approximately
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a threefold improvement across different tensor shapes. This performance gain arises because the
optimized method directly reshapes from a two-dimensional tensor to another two-dimensional tensor
(Wiaen), Whereas the baseline first reshapes into a higher-dimensional intermediate tensor (W)
and subsequently reshapes again into a two-dimensional tensor, incurring additional dimensional
transformation overheads. Furthermore, while the absolute reshape times naturally increase with larger
tensor shapes, the optimized method consistently maintains an approximately threefold performance
improvement.

Table 3. Performance comparison of reshape operations with and without proposed
optimization for different tensor sizes.

Tensor shape | Baseline (ms) ‘ Reshape opt. (ms) ‘ Performance improvement

l6x16x1x1 2.248 0.748 3.005 x
32x32x1x1 8.739 2911 3.002 x
16 X 16 x3x3 14.268 4.775 2.988 x
32x32x3x%x3 56.966 19.065 2.988 x
64 x64x3x%x3 227.627 76.206 2.987 x

Subsequently, we evaluated the overall TTD decoding performance improvement by combining the
reshape optimization (skipping step D2 from Figure 8) with the acceleration provided by the GEMM
accelerator for matrix multiplication operations. The baseline scenario, in this case, was defined as
performing the TTD decoding process entirely on the core processor without employing reshape
optimizations. The compression ratio was uniformly set to 2X for consistency across all tensor shapes.
Table 4 presents the decoding times for three distinct scenarios: (1) Baseline without acceleration,
(2) GEMM accelerator only, and (3) Proposed solution combining GEMM accelerator and reshape
optimization.

Table 4. Decoding latency comparison for TTD with GEMM acceleration and reshape
optimization across different tensor shapes. GEMM block size is 16 X 16.

Tensor shape | Baseline (ms) ‘ GEMM Acc. only (ms) ‘ GEMM Acc. + Reshape Opt. (ms)

lox16x1x1 1.886 1.458 0.710
32x32x1x1 8.044 5.764 2.853
16 X 16 X3 %3 18.401 13.626 6.043
32x32x3x%3 92.886 49.678 30.613
64 x64x3x%x3 510.827 232.907 156.701

Comparing the baseline and the GEMM-accelerated scenario without reshape optimization, we
observed a 22.7% decoding time reduction (1.886 ms to 1.458 ms) for the smallest tensor shape
(16 x 16 X 1 x 1). The performance improvement increased significantly with tensor size, achieving
reductions of 28.3%, 41.2%, 46.5%, and 54.4% for tensor shapes of 32 X 32 x 1 X 1,16 X 16 X 3 x 3,
32x32x3%3, and 64 x64x3x3, respectively. This indicates the greater efficacy of GEMM acceleration
for larger tensor computations.
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When combining GEMM acceleration with reshape optimization, the decoding times decreased
even further, achieving performance improvements of 62.3%, 64.5%, 67.1%, 67.0%, and 69.3% for
the respective tensor shapes listed above. These results show our approach effectively accelerates both
matrix multiplication and reshaping, substantially reducing overhead in deploying TTD models on
resource-limited edge devices. Finally, to demonstrate the generalizability of the proposed approach
across diverse hardware constraints, we conducted additional experiments using a GEMM IP with
smaller (8 x 8) block sizes instead of the original (16 X 16). As shown in Table 5, reducing the block
size naturally decreases parallelism, resulting in increased overall decoding times. Nevertheless, the
proposed method consistently achieved up to 61% performance improvement over both baseline and
GEMM-only scenarios. This confirms that our optimization technique can be effectively applied across
various edge platforms with differing hardware constraints.

Table 5. Decoding latency comparison for TTD with GEMM acceleration and reshape
optimization across different tensor shapes. GEMM block size is 8 x 8.

Tensor shape | Baseline (ms) ‘ GEMM Acc. only (ms) ‘ GEMM Acc. + Reshape Opt. (ms)

I6x16x1x1 1.886 1.523 0.775
32x32x1x1 8.044 6.114 3.203
16 x16 X3 %3 18.401 14.788 7.205
32x32%x3x%x3 92.886 56.303 37.238
64 x64x3x%x3 510.827 275.521 199.315

6. Conclusions

In this paper, we have experimentally and analytically demonstrated that TTD achieves superior
accuracy retention and compression efficiency compared to traditional pruning methods, especially
when fine-tuning is impractical in cloud-to-edge deployments. To address the critical challenge posed
by the computational overhead of decoding TTD-compressed parameters at resource-constrained
edge devices, we have introduced a mathematically rigorous yet practically viable optimization
framework. Our approach exploits existing GEMM hardware accelerators commonly integrated into
edge processors to dramatically accelerate the performance-critical Einsum operations inherent in
TTD decoding, without necessitating additional specialized hardware. Furthermore, through careful
analytical investigation, we identified redundant reshape operations that span the decoding and
inference phases and developed a novel reshape-merging strategy, significantly reducing memory-
bound overhead. Extensive experimental evaluations on our FPGA-based RISC-V edge inference
processor validate these innovations, demonstrating approximately a threefold acceleration in reshape
operations and an overall decoding performance improvement of up to 69.3%. While our experiments
primarily demonstrate the proposed optimization in image classification scenarios, the underlying
computational pattern—decoding TTD-compressed convolution layers into GEMM operations—is
commonly found across various deep learning applications, including speech recognition and object
detection. Thus, our optimization techniques can be broadly applicable to other edge Al scenarios
involving TTD-based compression and GEMM accelerators. Exploring and validating these extensions
represent promising directions for future research. Beyond these immediate benefits, our work
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demonstrates the synergy between advanced tensor mathematics, algorithmic optimizations, and
practical hardware constraints, paving the way for efficient and scalable cloud-to-edge Al deployments.
We anticipate that this interdisciplinary approach will inspire further research at the convergence
of mathematical optimization, hardware-aware algorithm design, and edge computing, ultimately
enabling broader and more efficient real-world adoption of advanced Al technologies.
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