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Abstract—Deep neural networks (DNNs) have become a
cornerstone in advancing artificial intelligence, but their complex-
ity often leads to inefficient hardware utilization due to varying
structure characteristics and excessive memory accesses. Domain-
specific architectures (DSAs) offer a solution by optimizing data
locality through data stationarity, tiling, and layer fusion, which
minimize memory access and energy consumption while boosting
performance. However, current approaches lack flexibility for
efficient memory management at the appropriate granularity,
causing misaligned accesses and decreasing reuse potential for
variable-sized tiles. To this end, we propose a hierarchical instruc-
tion set architecture (hierarchical-ISA) combining a RISC-V
ISA and a flexible CISC-style macro-ISA (mISA). Unlike byte-
level RISC-V, mISA employs row-wise tiles as the fundamental
operand, enabling efficient data reuse across adjacent iterations
as well as residual connections. This mISA approach simplifies
DNN programming, enhances data partitioning and manipulation
efficiency, and enables a hardware-software co-designed Remap-
ping mechanism that facilitates data reuse without physical
data movement. Experiments show 31.8%-72.0% reductions
in off-chip memory access across MobileNet, ResNet, Swin
Transformer, and MobileViT, along with speedups of 2.9x-7.4x
compared to previous DNN accelerators. We also conduct com-
parisons under the roofline model with NVIDIA RTX A6000
and Intel Core i7-10700K. The results show that our arithmetic
intensity (AI) reaches up to 26.0x that of i7-10700K and 22.6 x
that of A6000.

Index Terms—Deep neural network (DNN), domain-specific
architecture (DSA), hardware-software co-design, on-chip
memory (OCM).

I. INTRODUCTION

EEP neural networks (DNNs) have garnered widespread

attention for their outstanding performance in artificial
intelligence tasks, such as speech recognition [1], [2], image
classification [3], [4], and object detection [5], [6]. As com-
putational demands increase, microprocessors have adopted
two main trajectories to improve parallel computing perfor-
mance. One trajectory is latency-oriented design, represented
by multicore CPUs, and the other is throughput-oriented,
represented by GPUs with massive threads [7]. Although
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GPUs attempt to exploit on-chip memory (OCM) locality
through various thread block and warp scheduling strategies,
the diverse types of layers within DNNs exhibit varied locali-
ties and computational characteristics, leading to inadequate
utilization of hardware resources and limitations in overall
efficiency [8].

In comparison to general-purpose processors, domain-
specific architectures (DSAs) can aggressively exploit data
locality through the flexible utilization of techniques such as
data stationarity [8], [9], [10], [11], tiling [12], [13], [14], [15],
and layer fusion [16], [17], [18], [19], thereby dramatically
reducing memory access, lowering power consumption, and
enhancing performance. However, the challenge of exploiting
data locality in DSAs becomes more significant. For example,
extensive layer fusion across multiple layers creates large
overlap regions between successive tiles [16]. These overlaps,
especially in shallow layers, offer potential for reuse, but their
patterns are often irregular. Managing this reuse complicates
the dataflow significantly, because the boundaries of these
overlap regions depend critically on numerous factors includ-
ing tile dimensions (H x W x C x N for height, width,
channels, batch size), weight shape, stride, and tile sliding
direction [20]. Furthermore, traditional operand management,
optimized at the byte level using scalar or vector registers,
proves inadequate for the kilobyte-level optimizations required
by DNN operations like layer fusion. As a result, memory
access misalignment occurs when handling variable-size tiles,
forcing costly multicycle cross-address indexing.

The line-buffer depth-first (LBDF) [18] simplifies the
overlap regions caching by using line tiles of the feature
map (referred to as Row-wise Tiling). Compared to other
layer fusion techniques, Row-wise Tiling aligns with tensor
characteristics by partitioning feature maps along the row
dimension. This approach naturally matches the spatial locality
of convolution and minimizes memory requirements within a
concise reuse pattern [21]. However, Row-wise Tiling faces
two significant limitations: first, inflexible OCM organization
and management hinder its effective utilization [19]. Second,
Row-wise Tiling proves less efficient in networks with residual
blocks. Since inputs are discarded immediately after their
first use, such as in LBDF, the residual block inputs—
comprising 43% of activations in ResNet20 and 16% in
MobileNetV2—must be reloaded, incurring substantial over-
head. Consequently, efficient OCM management is crucial not
only for maximizing the benefits of tiling and fusion but
also specifically for overcoming the long-latency data reuse
demands introduced by residual blocks.

1937-4151 © 2025 1IEEE. All rights reserved, including rights for text and data mining, and training of artificial intelligence
and similar technologies. Personal use is permitted, but republication/redistribution requires IEEE permission.
See https://www.ieee.org/publications/rights/index.html for more information.
Authorized licensed use limited to: Xian Jiaotong University. Downloaded on June 23,2026 at 12:24:07 UTC from IEEE Xplore. Restrictions apply.


https://orcid.org/0009-0009-7761-2551
https://orcid.org/0009-0006-0326-2999
https://orcid.org/0000-0002-7331-0830
https://orcid.org/0000-0002-2520-3731
https://orcid.org/0000-0003-1163-2014

HUO et al.: HIERARCHICAL-ISA SUPPORTING ROW-WISE OPERANDS FOR EFFICIENT DNN COMPUTATION

D Shared input D Overlap data D Output

/ ifm \ ifm

On-chip Memory

¥ ¥
|2

! 3x3
L

DRAM

~—_N—— -

Pyramid-

shaped  ofm Byte level

(2)

Fig. 1.

3389
= Reuse pointer =% Element addition
. - im N
] ] \
On-chip Memory - OCM l
Renaming |
4 R row, a |
M Aid[Pid] | A o |
20 [P A rou |
= r S| |=falle oW, |
é é A2 | P7 ToW, |
& |/ S| |=Pas]pre Tow. o=
|
= A4 | P5 oW,
A5 | P8 TOW, 5 |
TOW,, |
|
|
I T
/
o ofm — ofm /
N — e 7
Byte level Kilobyte level (ours)

(b

(a) DF tiling (pyramid-shaped) and (b) Row-wise Tiling (dam-shaped) both enhance data locality by reusing shared inputs and overlap data. However,

byte-level OCM management leads to irregular reuse pointers due to severe OCM fragmentation during tile sliding. To address this, we build upon Row-wise
Tiling and employ KB-level OCM management. Physical and logical OCM are decoupled through the renaming technique, which simplifies reuse pointer
generation. Specifically, each mReg stores one row tile. An mReg is divided into the macro architecture register (mAR, denoted as A) and the macro physical
register (mPR, denoted as P). Software scheduling maps ifms/activations to an A.id. Hardware scheduling executes renaming, mapping the A.id to a P.id,

where the P.id points to the OCM space that stores the corresponding row tile.

From a programming perspective, DSAs lack the com-
prehensive and rich ecosystem that CPUs and GPUs offer,
resulting in high development investment [22]. Moreover,
the deployment of DNNs on DSAs has become increasingly
challenging due to the emergence of wider operands, more
memory footprint, and sophisticated network models spurred
by DNN breakthroughs [23]. For example, the attention
mechanism [24] allows the model to weigh the importance
of different input elements relative to each other, captur-
ing long-range dependencies more effectively than traditional
convolution. The graph neural network [25] performs con-
volution on the nodes of a graph, taking into account the
connections between nodes. The rapid evolution of these con-
volution operations and network models presents significant
challenges to DSA design. DSAs often need to make trade-
offs in programmability to enhance performance for specific
applications.

Given the co-design challenges posed by the devel-
opment of DNNs, there is a pressing need to develop
an improved instruction set architecture (ISA) as well
as a corresponding programming paradigm that supports
Row-wise Tiling, reduces data traffic, and simplifies cus-
tom software development. To address this, we propose a
hierarchical-ISA framework incorporating a CISC-style macro
ISA (mISA). This approach strategically decouples Row-wise
Tiling optimization—managed by the mISA scheduler—from
operator execution handled by the RISC-V core. Crucially,
mISA treats row tiles as fundamental operands, enabling
efficient orchestration of row-level dataflow optimizations. Our
specific contributions are as follows.

1) A hierarchical-ISA featuring mISA for single-instruction
execution of complex operations, with a streamlined pro-
gramming paradigm that simplifies coding and facilitates
operator fusion.

2) Macro registers (mRegs) abstracting row-tile granular-
ity, enabling dynamic task allocation with variable tile
sizes, and enabling flexible data placement and recycling
within OCM.

3) A Remapping mechanism for reusable data lifecycle
management. This mechanism eliminates false dependen-
cies and pipeline bubbles by enabling logical mapping
between mRegs—facilitating data reuse without physical
movement—making it particularly effective for residual
connections.

The remainder of this article is organized as follows.
Section II introduces the basic concepts of layer fusion and
Row-wise Tiling, and the performance evaluation model.
Section III describes the mISA-based programming paradigm.
Section IV presents the mRegs-based hardware Remapping
mechanism. Experimental results are given in Section V.
Related works are discussed in Section VI. Section VII con-
cludes this article.

II. BACKGROUND AND MOTIVATION
A. Layer Fusion and Row-Wise Tiling

Exploiting data locality becomes necessary in DNN infer-
ence to reduce memory access and latency [26]. Fig. 1(a)
demonstrates this using a ResNetl8 residual block [27],
featuring two 3 x 3 convolutions (Convl and Conv2)
where the results, after cascading, undergo element-wise addi-
tion (Ele+) with the input. In such blocks,! the output
from the preceding layer is the input to the following layer.
To capitalize on this interlayer locality, software can merge
multiple layers into a singular entity, thus only transferring
input feature maps (ifms) and output feature maps (ofms)
to/from DRAM.

Fig. 1(a) shows a depth-first (DF) tiling [16] based on the
byte level, forming a pyramid-shaped region (dashed outline)
across multiple layers. Once the ifm of a pyramid is loaded, the
other layers (intermediate activations) can be calculated with-
out any off-chip access. After computing this pyramid, it shifts
by one stride, requiring only new columns of the ifm tile
for the next output. Overlap pyramids (orange region) share
intermediate data for adjacent ofm elements, thus caching the

UIn this example, all filters are applied with padding and stride = 1.
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overlap region saves memory footprint theoretically. However,
managing these overlaps demands sophisticated control based
on input—output relations and computational patterns, varying
dramatically across layers [20]. The red pointers in Fig. 1(a)
indicate the irregular positions of reusable data in OCM.
To address the challenges of indexing complexity and frag-
mentation, Alwani et al. [16] copied the reusable data from
the shared buffer to a dedicated buffer. This copy function,
in turn, requires a three-level loop to index the data.

As shown on the left of Fig. 1(b), LBDF [18] optimizes
the data reuse in the row direction of the feature map. The
process of Row-wise Tiling creates a dam-shaped region
(dashed outline), which spans multiple layers. After buffering
several rows of feature maps (yellow and orange areas), the
layer can start computing new outputs as soon as it receives
input from the previous layer. To maximize the utilization
of OCM, new data continuously overwrites the old data.
Due to varying row sizes and space requirements across
different layers, the complexity of calculating reuse pointers
escalates as the number of fused layers grows. Nevertheless,
Shi et al. [21] highlighted that, in some cases, recalculating
overlap data can be more efficient than caching overlap data in
LBDF, particularly when the intermediate layers have shapes
larger than the input layers, such as inverted bottlenecks of
deeper models. This is because relying entirely on hardware
to perform flexible OCM allocation and management would
incur nonnegligible overhead.

To address these challenges, as illustrated in the right
of Fig. 1(b), we adopt a register-based management approach
to dynamically partition the OCM into variable-sized mRegs.
These mRegs support operands at a row-wise tile granular-
ity to accommodate different network structures and layers.
By employing the register renaming technique, mReg is
classified into macro architecture register (mAR, labeled A)
and macro physical registers (mPR, labeled P). Therefore,
programmers can specify row tile location through mAR, and
the actual physical location is indexed by mPR. Meanwhile,
the renaming mechanism guarantees the correct relationship
between mAR and mPR.

Furthermore, the initial inputs of residual blocks account
for a significant portion (21.5% in our ResNetl8 experiments
using LBDF) of total activation volumes; thus, these inputs
should not be discarded immediately after first use. However,
the structural characteristics of residual connections spanning
multiple layers create long latency intervals between their
production and subsequent reuse. Without an effective OCM
allocation and recycling mechanism, these long-interval reused
data force costly reloads, incurring substantial overhead. Thus,
we introduce a data Lifecycle Analysis mechanism for residual
data management. Attributed to the regularity of the reuse
pattern in the overlap regions, Row-wise Tiling concurrently
streamlines the control of OCM operations.

B. Guidance From the Roofline Model

The roofline model is a framework used to analyze and
optimize the performance of variations of architectures, help-
ing developers identify performance bottlenecks [28]. This
model categorizes the limiting factors of performance into
compute-bound and memory-bound, visually represented by a
2-D graph. The core concept of the roofline model is arithmetic
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intensity (Al), which refers to the number of operations per
byte of memory accessed. A high Al indicates that a program’s
performance is more dependent on hardware computational
power, while a low Al suggests that the program is data-
starved and requires higher memory bandwidth.

Google [29] has shown that neural networks are more prone
to being memory-bound. Therefore, designers try their best to
use a variety of parallel computing techniques to perform more
calculations on resident data. The upper limit of Al is mainly
determined by the potential for data reuse. The reuse of feature
maps (Rr) and weights (Ry,) is quantified using the following
formulas:

K—1 2
R = QTJH) x Cout + RC (1)

o () ()

where K, S, Cout, P, and RC represent the kernel size, stride,
output channel, padding, and residual connection numbers,
respectively.

Formula (1) indicates that increasing kernel size, output
channels, and residual connections can achieve larger Ry,
which, in turn, elevates the upper limit of Al. Optimizing
feature map reuse efficiency Ry is critical for achieving
high Al, because weight stationary [10] keeps weights in OCM
throughout inference, enabling maximal Ry, realization. Given
INTS8 precision (1 byte) with all intermediate data held on
OCM, the theoretical upper bound of Al can be calculated as
follows:

Operands
AImax =
Data Movementoptimized
. Operands 3)
"~ Input,,g4e + Output,,4e + Param’
Here, Ci, represents the input channel. Shortcut

Fusion [19] establishes a baseline Data Movementp,geline
where inputs/outputs/parameters transfer from/to off-chip
memory exactly once per layer. Actual data movement
deviates from this baseline depending on OCM management
strategies. Thus, actual Al can be represented as follows:

Operands
AIact -

> (Inputlalyer + Output]ayer) + Param
1
X .
(1 — Oft-chip Reduction)

Advanced locality optimization can significantly enhance
the off-chip reduction, bringing Aly closer to the theoreti-
cal maximum Alpax. However, translating this potential into
practical implementation faces a critical challenge: inherent
irregular memory access patterns associated with layer fusion.
Sections III and IV will detail how it systematically overcomes
this barrier through Row-wise Tiling combined with Remap-
ping and Lifecycle Analysis.

4)

III. PROGRAMMING PARADIGM
A. Tile mReg

For the DNN accelerator, the OCM is always organized as
a scratchpad; in other words, data management is explicitly
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Fig. 2.  Residual block compilation with Row-wise Tiling. Progressive

lowering transforms PyTorch tensors to logic mRegs (mAR.id) then physical
mRegs (mPR.id) via Remapping.

controlled by the programmer. To better support Row-wise
Tiling, we manipulate OCM units into variable-sized mRegs
that are explicitly specified in the mISA and further use
the register renaming scheme to manage them accordingly.
The data partitioning strategy involves dividing both ifms
and activations into row tiles and storing them in mRegs.
This scheme allows software to exploit data locality through
explicit programming, without needing to worry about register
conflicts. The variability in tile sizes, crucial for different tasks,
introduces memory management challenges such as utilization
and overwriting, as discussed in SmartShuttle [30]. In our
configuration, we use 6 bits to specify the index of 64 mRegs.
Notice that we can also increase the number of mRegs to
accommodate different computational needs.

DNN s leverage tiling and loop unrolling to process batched
inputs efficiently. To align with both the typical page size and
the fundamental block RAM of FPGAs, we set a base unit
of 4 kB for mReg. This design benefits most models in our
experiments. Crucially, our design allows a single mReg to
contain 1-8 nonadjacent 4 kB units to accommodate larger
rows, thereby mitigating OCM fragmentation. To validate this
approach, we implement our design on FPGA prototypes to
evaluate the proposed method’s effectiveness.

B. Software Organization Based on mISA and Kernel
Function

Our accelerator scheduler employs the mISA, while pro-
cessing cores utilize the RISC-V ISA. The key advantage of
mlISA lies in its capacity to execute complex operations in a
single instruction or a combination of basic instructions. This
capability empowers programmers to achieve more with fewer
instructions, thereby simplifying the programming and debug-
ging processes. Complementing this, each processing core
implements a RISC-V ISA specifically tailored for distinct
operators. This hierarchical-ISA architecture achieves dual
objectives: 1) enabling developers to focus on custom operator
efficiency through streamlined microarchitecture programming
and 2) maintaining compatibility with emerging operator stan-
dards via the extensible RISC-V ecosystem. Fig. 2 illustrates
the compilation workflow using ResNet18’s residual block as
an implementation case. The diagram details how computa-
tional graphs are lowered through TVM [31] and mISA passes,
where operators are fused according to our Row-wise Tiling
strategy, in contrast to conventional byte-level DF Tiling.
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4-bit 3-bit 0-, 6-, or 12-bit 0- or 3-bit 0- or 64-bit
|Opcode|#Core| Operand | Size | Information |
79 76 75 7372 67 66 64 63 0
[ 0001 | id [mReg,] [ size | addr |10ad
79 76 75 73 72 67 66 64 63 0
[[0010 [ id | [mReg. [ size | addr | store
21 18 17 15 14 9 2 0
[[0011 [ id [mReg,] [ size | | trans
18 1514 12 11 65 0
[ 0100 | id [mReg,[mReg,] | remap
79 7675 7372 67 66 6463 0
[ 1001 [ id [mReg,] [ size | PC | 1aunch
18 1514 12 11 65 0
mRegy
1010 | id or |mReg; regs L Kemel
mReg., function
70 67 66 64 63 0
| 1011 | id | | parameters |args

\ tile_shape \ kernel_size \
63 3231 87

stride [ padding |
a3 0

Fig. 3. Macro instruction set format.

As shown in Fig. 3, the proposed mISA consists of five
fields. To maintain the extensibility of the instruction set,
the “Opcode” field is set to 4 bits for further extension.
The “#Core” field specifies the particular core upon which the
current instruction operates. By default, 3 bits are used to
support up to 8 cores, each being a general processing unit
supporting RISC-V. The “Operand” field contains up to two
mRegs, which can be either a destination mReg (mRegq) or a
source mReg (mReg;),> with each mReg represented by 6 bits.
The “Size” field indicates the OCM size allocated for a mReg,
with the current design supporting a dynamic range from 1 to 8
(4 to 32 kB, respectively).> For storage requirements that
exceed this range, the issue can be addressed by adjusting the
architecture to increase the “Size” or by further partitioning
the data. The “Information” field encompasses arguments
associated with the specific macro instruction.

For clarity, Fig. 3 aligns instruction fields across all seven
macro instructions we introduce. 1oad/store: Transfer data
between DRAM and mRegg or mRegs. trans: Transfer
data between cores, thus facilitating task pipelining across
cores with deeper layer fusion. remap: Define explicit
re-identification relationship between mRegs. The launch,
regs, and args constructs basic kernel functions, where
args configures arguments for kernel function (e.g., tile
shape, kernel size, stride, and padding as shown in Code 1 for
Convl). regs allocates the mRegs necessary for the kernel
function. After that, 1aunch instruction initiates computation
specified by the program counter (PC), which points to RISC-
V-based control flow specifying operator execution. These PC
values are statically generated during the compilation phase.
Finally, save the result to the destination mReg (mRegg).
Additionally, regs can also configure the source mReg of
trans instruction.

Our mISA-based programming paradigm enables kernel
launch through a streamlined workflow: host code initiates

2By default, in regs instruction, the data in mRegq; serves as the
destination mReg, while the remaining mRegs act as source mReg.

3For clarity, the number in the “Size” field within the instruction is the
actual memory size in the following description.
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Code 1 Operator Library Based on the Kernel Function

1: function Conv1#Core, A5, [A0, Al, A2], tile_shape, ...):

2:  args(#Core, tile_shape, ...)

3:  regs(#Core, A5, A2)

4: regs(#Core, Al, AO)

5: launch(#Core, AS, size, PC.conv)

6: function Conv2#Core, ...):

7 ce

8: function E1e+(#Core, A6, [AO, A6], tile_shape, ...):
9:  args(#Core, tile_shape, ...)

10:  regs(#Core, A6, AO)

—
—_

launch@#Core, A6, Size, PC.cle)

12: function Trans#Corel, A2, #Core0, A6, size):

13:  regs(#Core0, A6) /I Set transfer source mReg
14:  trans#Corel, A2, size)

kernels via standard C interfaces to configure operational
parameters, automatically unrolls for loops, and ultimately
executes functionality through macro instruction bundles. Our
operator library supports function calls within kernel functions
at runtime. This allows for the creation of distinct RISC-V
style operators (e.g., graph pooling and attention mechanism)
that can be seamlessly assembled with the current operator
library. As shown in Code 2, it is feasible to concatenate
Convl, Conv2, and Ele+ consecutively within a resid-
ual block and then concatenate two residual blocks within
a Fused function. This enhances the composability of the
operator library, facilitating seamless integration into deep
learning software stacks like TVM. The code is available at
https://github.com/zhiwang3/misa.git

IV. HARDWARE AND SOFTWARE CO-DESIGN

This section provides an explanation of how the hardware
Remapping mechanism allocates OCM space for a variable-
sized tile, elucidating the process of determining the lifecycle
of reusable data and delineating the protocol for releasing
storage resources. The Remapping mechanism includes the
Input List, Register Alias Table (RAT), and Address Mapping
Table.

A. Data Reuse Based on Remapping

The Input List tracks data already loaded into OCM,
recording valid status, address, size, and associated P.id. Com-
plementing this, the Address Mapping Table records specific
OCM location (OCM.id) allocated to each P.id, where a
nonzero reference counter (ref_cnt) indicates a valid entry.
To ascertain whether the required data has been loaded into
OCM, a comparison is conducted between the address and size
specified within the 1oad instruction and the corresponding
address and size in the Input List. Reusable data falls into
shared input and overlap intermediate activation. The shared
input has the following.

1) Hit Handling (® load(Al,...)): As shown in Fig. 4(a),
a hit for a 1oad instruction indicates the required row
data resides in OCM. The associated Input List entry
provides the P.id (P2), and the RAT redirects Al to P2.

2) Miss Handling (® 1oad(A2,...)): As shown in Fig. 4(b),
@ a miss occurs when loading new input. If insufficient

Code 2 Fused Execution of Two Residual Blocks
Initialization:
> Preload weights/biases
> Generate synchronization counters to coordinate
pipeline execution between cascaded residual blocks
> Suppose 8KB row tile size

1: function Fused(tileO_shape, ..., size, ..., ifm_addr, ...):
> The first residual block
2: for row = 0 to tileO_shape.height - 1 do
load(#0, A0, 8KB, ifm_addr+row x 8K)
load(#0, A1, 8KB, ifm_addr+(row+1)x 8K)
load(#0, A2, 8KB, ifm_addr+(row+2)x 8K)

3
4
S:
6: remap(#0, A3, A4)
7
8
9

o0 0Q

remap(#0, A4, AS)
Conv1(#0, AS, [AO, Al, A2], tileO_shape, ...)
: Conv2(#0, A6, [A3, A4, AS], tilel_shape, ...)
10: Ele+(#0, A6, [AO, A6], tileO_shape, ...)
11: Trans(#1, A2, #0, A6, 8KB)
> Transfer data from A6 in #0 to A2 in #1
> The second residual block
12: remap(#1, A0, Al)
13: remap(#1, Al, A2)
14: remap(#1, A3, A4)
15: remap(#1, A4, AS)
16: Convl1(#1, AS, [AO, Al, A2], tile2_shape, ...)
17: Conv2(#1, A6, [A3, A4, AS], tile3_shape, ...)
18: Ele+(#1, A6, [AO, A6], tile2_shape, ...)
19: store(#1, A6, 8KB, ofm_addr+row x 8K)
> Only single 1load/store executed in Fused function
20: end for

OCM space or FL entries exist, back-pressure stalls the
instruction until resources are free. Otherwise, the alloca-
tion protocol proceeds: @ An unallocated P.id (e.g., P7)
is obtained from the FL, and sufficient OCM space
(e.g., 8 kB at OCM.id 8-9) is allocated. ® The RAT,
FL, Address Mapping Table, and Input List are updated.
A2 is mapped to P7 in the RAT, P7 is marked allocated
in the FL, the Address Mapping Table links P7 to the
OCM.id(s), and the Input List caches A2’s address and
size under P7. @ Data is loaded from DRAM into the
allocated OCM space.

For overlap intermediate activation: The remap instruction
reuses overlapping data across iterations, as shown in Fig. 5.
In Code 2, A3 and A4 in iteration (i + 1) correspond to A4
and AS in iteration i. For remap (e.g., ® remap(A3, A4)):
1) the P.id (P4) referenced by the source operand (A4) is
retrieved from the RAT and 2) the destination operand (A3) is
directly redirected to this same P.id (P4) in the RAT. The same
applies to instruction @. After that, execute the subsequent
instructions. Unlike rotating register allocation [32], which
relies heavily on compiler support, our approach achieves
register reuse automatically through hardware mechanisms,
simplifying programming for data reuse across loops.

In the current design, the 64-entry Address Mapping
Table dynamically allocates OCM space in 1-8 units of 4 kB
each, supporting up to 2048 kB logically. All valid and ref_cnt
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Remapping
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(b) Load new input

(a) Load hit case for @: @ a hit occurs if the request address and size within the load instruction match an existing entry in the Input List. @ obtain

the P.id(P2) corresponding to the requested A.id(A1) and update the RAT. @ increment the ref_cnt for P2 in the Address Mapping Table. ref_cnt = 2 indicates
that the operand in P2 will be used by two instructions. (b) Load miss case for @: @ a miss occurs if the request data does not match any entry in the Input
List. @ identify an idle P.id (e.g., P7) from the FL and an available OCM.id (e.g., 8 and 9) from OCM. @ upon successful allocation, record the mapping
between the allocated P.id and OCM.id in the Address Mapping Table. @ transfer the requested 8 kB data from DRAM to the allocated OCM location.

ith iteration cOnvl(AS

ey

|+1 th |terat|on

remap\@ !E Jwg A4) .
[Pe]

(a) (c)

Fig. 5. (a) Intermediate data generated in the ith iteration are stored in
different P.id entries, and the overlap data in P4 and P5 can be reused in the
(i + Dth iteration. (b) In the (i + 1)th iteration, the remap is used to redirect
P4 and P5 to A3 and A4, respectively. (¢c) Conv1(AS, ...) will allocate a new
P.id for the destination AS. It can either select P3, which is just released after
ith iteration, or reallocate a new P.id, like P8 shown in the figure.

signals in the Input List, FL, RAT, and Address Mapping
Table are initialized to 0. Valid signals are set to 1 upon
entry assignment. When the core switches execution tasks,
all valid signals are reset to O for proper state management.
Successfully processed 1oad or remap instructions dispatch
the macro instruction to the issue queue, signaling readiness
for execution.

B. Residual Connection Based on Lifecycle Analysis

To facilitate hardware analysis of data lifecycles, a reference
counter (ref_cnt) is implemented within the Address Mapping
Table. The ref_cnt signifies the count of instructions utilizing
the data in P.id. Thus, in scenarios @ the ref_cnt corresponding
to P7 would be incremented by 1, and in scenarios @, the
ref_cnt corresponding to P3 would be incremented to 2. Con-
versely, after computing an ofm element using P3 as a source
operand, the corresponding ref_cnt value is decremented by 1.
When the ref cnt value reduces to 0, it indicates that the
associated Address Mapping Table and OCM resources can
be safely released. Otherwise, the related table entries cannot
be allocated.

Lifecycle Analysis demonstrates exceptional efficiency in
handling fused operators containing residual connections. For
example, in Code 2, both Convl and Ele+ use AO as
a source operand. After the Fused function is configured,
the ref_cnt of the P.id(P1l) corresponding to A0 is set to
2. This mechanism ensures that AO is only released after

|:| Shared input |:| Overlap data |:| New input

Shared input for Conv1 Intermediate data for Conv2 Residual input for Ele+

n
[+ ]
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load iews

execute
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' ‘:1,j+2‘} i
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P —
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(a) Pipeline without data reuse
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load imsw (0,j+4|:(0,j+5/

P
210

3,42] 3,j+3

=
trans 3,42 s

—_—
Time ith iteration

execute 1+ [1,5+2/:{1,)+3) F-jﬂ
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(b) Pipeline with shared input reuse by Remapping and Lifecycle Analysis

Discarding Overlap data for next iteration

0,j+1|:{0,j+2[ [0,

load = x= 044|043

execute 1,j+1)1,j+2|i|1,j+3]

2,+33,j+3]

e

—
Time it iteration

(i+1)" iteration

(c) Pipeline with overlapping data reuse by remap instruction

Fig. 6. (a) There are three types of unnecessary stall: reloading shared
inputs, reloading overlap data, and accessing long-latency reuse data [e.g., tile
at (0, j + 2)]. (b) Remapping eliminates stalls from reloading shared inputs.
Lifecycle Analysis eliminates stalls caused by long-latency reuse data by
locking this reuse data until all associated computations are completed.
However, stalls due to reloading overlap data between two adjacent iterations
persist. (c) Remap instruction reuses overlap data in OCM across iterations via
redirecting the corresponding A.id to the correct data location. Nonreusable
data is discarded immediately, freeing its OCM space for new data.

all associated computations are completed, rather than being
freed immediately after its first use. The entire process is
performed automatically by hardware, requiring no explicit
intervention from the programmer.

C. Pipeline With Remapping

To clearly illustrate the impact of our Remapping and
Lifecycle Analysis techniques, Fig. 6 shows the pipeline
behavior of the residual block (#0) from Code 2. The pipeline
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TABLE I
RESOURCE UTILIZATION OF VCU118 ON INT8 ResNet18
DSP BRAM LUT(K) Power(W)
Remapping 0 0 80 3.66
MACs 4096 0 347 13.73
OCM 0 1088 84 9.15
Others 0 12 67 4.58
Total 4096(60%) 1100(51%) | 578(49%) 31.12

consists of three phases: load, execute, and trans (store output
to #1). Execute phase concludes remap, Convl, Conv2,
and, Ele+, with remap not consuming time. For simplicity,
all macro instructions are modeled with identical execution
times, represented as uniform-width boxes, where numerical
labels within boxes correlate to row numbers in Fig. 1.

Fig. 6(b) illustrates that the Remapping resolves the redun-
dant loading of shared input automatically. Additionally, since
the shared input is already in the OCM and the false depen-
dency has been addressed, the load instruction for the
(i + 1)th iteration can be executed, as soon as the operands
are ready. The overlap data generated by Convl in the ith
cycle cannot be directly used for the next iteration unless
it is specifically saved. To address this issue, fused-layer
CNN accelerators [16], [18], [33] provide a byte-level reuse
strategy, along with a dedicated buffer to store intermediate
data. We propose a remap instruction utilizing mRegs for
efficient row-level data reuse. As shown in Code 2, after
optimizing the Fused function with remap instructions, the
recomputation problem of overlap activation [dashed orange
boxes in Fig. 6(b)] between two adjacent iterations has been
covered.

V. EXPERIMENTS

A. Implementation

Our design is implemented in Verilog using Xilinx
Vivado 2019.1 and is synthesized at 200 MHz on the VCU118
evaluation platform. To balance resource constraints and com-
putational demands, the accelerator integrates 8 cores. Each
core contains a 256 kB coefficient OCM for storing feature
maps, an additional 256 kB of BRAM for storing weights,
and a further 64 kB for other parameters. We adopt the
core design from our previous work [34], where each core
contains 2048 MACs (16 x 16 x 8 configuration), mapped
to 512 DSP48 slices. By operating DSP48 at double-clock
frequency with segmented bit-width processing, each DSP
is equivalent to 4 INT8 multiplie—accumulators. Table I
details FPGA resource utilization, indicating Remapping occu-
pies 13.8% of LUT resources while accounting for 11.8%
of total power consumption. As shown in Fig. 7, Row-wise
Tiling reduces logic power by 2.0 W through optimized control
circuitry, while Remapping decreases I/0 power by 3.4 W via
minimized off-chip accesses despite a 0.9-W logic overhead.
Lifecycle Analysis further reduces I/0 power by 0.36 W.
Collectively, these optimizations strategically enhance com-
putational efficiency, increasing DSP power allocation from
20.0% to 29.2% of total power.

In experiments, our FPGA accelerator is compared against
other FPGA accelerators, the NVIDIA RTX A6000 GPU,
and the Intel i7-10700K CPU. We also examine the impact
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Fig. 7. Total power reduces by 21% through combined I/O power
savings (51%) from Row-wise Tiling and Remapping (despite 0.9-W logic
overhead), while Row-wise Tiling additionally achieves 22% logic power
reduction, collectively improving DSP efficiency.
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Fig. 8. Execution time of ResNetl8 under different approaches. Remapping
reduces both memory access latency and compute latency. Lifecycle Analysis
further reduces memory access latency, decreasing it from 19.8% to 16.0%
of the total latency. “Others” include downsampling layers, linear layers, and
reuse pointer generation.

of different optimization strategies—such as Row-wise Tiling,
Remapping, and Lifecycle Analysis. Additionally, the exper-
iment employs the roofline model to illustrate AI across
platforms and includes a comparison of lines of code to assess
the effectiveness of design complexity optimization.

B. Performance of Different Optimization

To discern the performance advantages conferred upon our
accelerator by Row-wise Tiling, Remapping, and Lifecycle
Analysis individually, we conducted comparative experiments
on ResNetl8. To overcome the differences in implementation
platforms, we re-implemented the 6-level convolution loop
(without layer loop and batch loop) of LBDF [18] at the byte
level. The comparison approaches include: LBDF, mReg-
based Remapping, and Remapping+Lifecycle. As shown
in Fig. 8, the Remapping mechanism reduces memory access
latency by 0.17 ms and computation overhead by 0.55 ms.
Through these optimizations, ResNet18’s load time decreases
from 0.65 to 0.34 ms, where 0.14 ms (21.5%) is from residual
input reuse.

C. Inference Performance Comparison

Tables II and III systematically compare our accelerator’s
performance against prior implementations across multiple
neural networks. While previous studies emphasized data
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TABLE II
COMPARISON BETWEEN THE PROPOSED FRAMEWORK ON MobileNet V2
CPU ASIC FPGA
Platform 7-10700K TECS 21 [35] FPL21 [36] | TCASI21 [37] VLSI21 [18] TCAD®23 [38] Ours
SEAD VC709 ZCU102 VCUI118 ZCU102 VCUI118
(XC7V6901) (ZU9EG) (XCVU9P) (ZU9EG) (XCVU9P)
Technology 14nm 90nm 28nm 16nm 16nm 16nm 16nm
Frequency(MHz) 3800 300 150 200 200 333 200
Strategies Depth First v v v v
g Row-wise %4 %4
Precision INTS8 INTS8 INTS8 INT8 INTS8 INTS8 INTS8
DSP Utilization - - 2160 576 4096 1283 4096
Power(W) 118.12 2.65 11.35 - 29.56 - 28.92
Throughput ~
(GOPS) 76.9 - 181.8 230.4 1252.1 ~ 1153.1 1873.9
DSP Efficiency
(GOPS/DSP) - - 0.08 0.39 0.31 0.79 0.46
Energy Efficiency
(GOPS/W) 0.91 - 16.02 - 42.49 - 65.15
FPS 177 769 302 382 2072 1910 3090
Latency(ms) 5.62 1.30 3.31 ~ 2.62 0.48 ~ 0.52 0.32
Off-chip Reduction(%) 0.8 - - - 36.9 - 43.1
TABLE III
COMPARISON BETWEEN THE PROPOSED FRAMEWORK ON ResNet18/50/152
GPU ASIC FPGA
Platform TACO'25 [39] | TECS21 [35] | HPCAT9 [40] | FPGA 19 [41] | VLSI2T [18] TCASI22 [19] TCASII23 [42] Ours
VCT07 VCUTIS VCUTI8 KCUT500 VCUTTS VCUTTS
A6000 SEAD (XCTVX4851) | (XCVU9P) | (XCVUOP) (XCKU040) (XCVU9P) (XCVU9P)
Technology 4nm 90nm 28nm 16nm 16nm 16nm 16nm 16nm
Frequency(MHZ) 2525 300 150 125 200 200 200 200
Strategics [ Depth First [4 v v [4 v [4
trategies | Row-wise 4 4
Precision FP32 INT8 INTI16 INT16 INT8 INT8 FP16 INT8
DSP Utilization . ~ 2048 7800 5489 4096 2240 2320 4096
Newwork ResNet50 ResNet50 ResNet152 ResNet50 ResNet18 ResNet50 | ResNetl52 ResNet18 ResNet18 | ResNet50 | ResNetl52
Power(W) ~ 100—300 - 21.64 - 33.51 E - - 3112 33.53 3377
Throughput
_(g’o‘és‘; 1248.6 608.3 1235 1555.4 1006 1163 ~ 3340 24762 29135 2671.0
N"’mal(lﬁ/‘ié *};‘)’“gh"“‘ ~ 3800.0 (INT8) 1674.0 1284.0 (INTS) | 1872.0 (INT8) 1074.6 655.2 8432 461.6 (INT8) 1698.2 1853.6 1844.8
DSP Efficienc
(GOPS ﬂc);;)y 0.22 023 038 045 052 0.14 0.60 0.71 0.65
Energy Efficienc
“e(réyops /Sve)" Y ~4.2-125 28.1 46.4 79.5 86.9 79.1
Latency(ms) ~3.0 154 352 812 335 117 2638 156 2.12 410 12.25
Off-chip Reduction(%) , , 176 , 204 60.6 56.7 , 72.0 65.7 68.9
o, Sl S s mmon our design demonsirates superior normalized performance
[ TECS(35] B FPGA(4L] =3 TACO[39) and MAC efficiency compared to previous implementations.
o B35 [39] ~ 38] 80 Although Jiang et al. [38] achieved higher DSP efficiency for
‘ _ MobileNetV2 through dedicated pipelines and single dequan-
%] 3 . . . .
208 f 60°\; tization, our co-designed architecture enables broader model
%06 & support and storage-efficient residual connections, rather than
3 ¢ copying inputs to deep FIFOs. Similarly, while OptiFX [39]
§°'4 02 achieves the best ResNet50 throughput using high-clock
0.2 = *=  A6000 hardware (14x our TOPS), it yields substantially
SE L = A el PR SRS o lower energy efficiency and MAC efficiency than FPGA-based
ResNet18 ResNet50 ResNetl52 MobileNetVl MobileNetV2 . .
accelerators performing equivalent workloads.
Fig. 9.  Our accelerator surpasses most prior works in GOPS and MAC As shown in Table IV, our Remapping mechanism stream-

efficiency. While RiSA [35] matches our MAC efficiency via ASIC-specific
systolic arrays, a customized MobileNetV2 accelerator [38] achieves superior
DSP efficiency at the cost of generality. OptiFX [39] exploits GPU TOPS for
ResNet50 throughput but suffers from poor energy efficiency.

locality optimization, few provided measurable metrics for
reduced off-chip memory traffic. For standardized evalua-
tion, we employ the Data Movementpageline benchmark from
Shortcut Fusion [19], which isolates layer-wise memory trans-
actions by prohibiting interlayer reuse. As shown in Fig. 9,

lines data reuse in shifted-window overlaps in the Swin
Transformer [24], achieving 2.5x higher energy efficiency
compared to Wang et al. [43]. We further implement multi-
precision support (BF16, SFP8 [44], and NF4 [45]) validated
on MobileViT [46]. While NF4 quantization reduces model
storage, its SFP8 dequantization during inference yields
limited computational gains due to conversion overhead.
At double-clock frequency, each DSP achieves two parallel
BF16 multiplications (mantissa-constrained) and four parallel
SFP8 multiplications.
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TABLE IV

COMPARISON BETWEEN THE PROPOSED FRAMEWORK
ON THE SWIN TRANSFORMER AND MobileViT

TCAD’22 [43] Ours
Platf Alveo U50 VCUI118
atiorm (XCVUI3P) (XCVU9P)
Technology 16nm 16nm
Frequency(MHz) 300 200
Strategies Tiling Row-wise Tiling
DSP Utilization 2420 4096
Network Swin-T Swin-T MobileViT
Precision FP16 BF16 BF16 SFP8 NF4
Throughput
(GOPS) 309.6 701.4 994.5 1382.4 1628.2
DSP Efficiency
(GOPS/DSP) 0.13 0.17 0.24 0.34 0.39
Energy Efficiency
(GOPS/W) 7.94 19.9 299 43.5 48.8
Off-chip Reduction(%) - 333 31.8 324 32.0
TABLE V
COMPARISON BETWEEN THE PROPOSED FRAMEWORK ON THE GCN
FPGA
Platform TPDS*23 [47] Ours
Alveo U250 VCUI118
(XCU250) (XCVU9P)
Technology 16nm 16nm
Frequency(MHz) 300 200
Precision FP32 INT8

BRAM Utilization
LUT Utilization
DSP Utilization

1853 (69%)
778K (45%)
10240 (83%)

1100 (51%)
578K (49%)
4096 (60%)

Throughput

(GOPS) 469.5 (INT8) 87.4
DSP Efficiency
(GOPS/DSP) 0.05 0.02
Energy Efficiency . 34
(GOPS/W) ’

Latency(ms) 2.13 2.86
Off-chip Reduction(%) - 8.1

We also compare our accelerator against GraphAGILE [47],
a GNN-oriented accelerator that employs edge-centric pro-
cessing and shuffle networks to accelerate sparse matrix
operations. As shown in Table V, GraphAGILE achieves
approximately 2.14x higher DSP efficiency than our design
when executing the GCN [48] on the Cora dataset. This
gap reflects a fundamental design tradeoff—our accelerator
intentionally omits the specialized circuitry (e.g., butterfly
networks) required for sparse computation to maximize com-
putational density and energy efficiency for dense workloads
such as CNNs and ViTs.

D. Roofline Model Analysis

We have unified i7-10700K and A6000 [39] into the roofline
model to provide a more intuitive comparison of the per-
formance differences across different platforms in network
inference. The theoretical INT8 performance of the i7-10700K
is 1.3 TOPS with a bandwidth of 45.8 GB/s. The A6000, on the
other hand, has a theoretical FP32 performance of 91.1 TOPS
and a bandwidth of 960 GB/s. Our VCU118-based accel-
erator achieves a theoretical INTS8 fixed-point performance
of 6.5 TOPS and a bandwidth of 38.4 GB/s. For compari-
son, we selected MobileNetV2 and ResNet18/50/152 models.
On the i7-10700K, we used the INT8 models provided by
PyTorch.
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As shown in Fig. 10, while our memory bandwidth is
relatively lower, causing a rightward shift of the ridge point in
the roofline model, our approach—combining Row-wise Tiling
and Remapping—enables exceptionally high AI. Our acceler-
ator achieves the highest AI with ResNetl8, as it employs
solely 3 x 3 kernels in the residual block, which maximizes
data reuse opportunities. In contrast, ResNet50 and ResNet152
employ 1 x 1 kernels in both the input and output layers,
diminishing their overall Al. ResNet152 partially compensates
for this through its 75% operators with 1024-2048 output
channels (versus 54% in ResNet50). However, ResNet variants
fundamentally outperform MobileNetV2, where the prevalent
use of 1 x 1 kernels combined with a maximum of 320 output
channels.

i7-10700K achieves higher AI on lightweight MobileNetV 1
than the A6000, leveraging its multilevel cache hierarchy
and latency-oriented prefetch mechanism. While OptiFX [39]
enhances ResNet50 performance via operator fusion, the opti-
mization gain is limited on MobileNet due to poor resource
utilization. Analyzing AI and performance trends on the
i7-10070K proves more challenging due to its intricate cache
hierarchy and hybrid data reuse strategies, which introduce
nonlinear interactions between model characteristics and hard-
ware utilization. Our accelerator not only delivers significant
performance gains but also brings the performance of different
models closer to the theoretical peak computing power of the
architecture than others, demonstrating higher computational
efficiency.

Table VI compares the actual Al (Aly) across different
platforms. As formulas (1)—(4) reveal, Al mainly depends
on the locality optimization of feature maps rather than
weights. Ry, relies on the input shape (H and W), so models
with the same block structures (e.g., ResNet variants) have
similar Ry, values. Weights reside in OCM during inference,
reducing their opportunity to further enhance Al,. Thus, for
the same OCM management strategies, a higher Ry offers
greater potential to boost Al,¢. Our accelerator shows superior
Alqact/Almax ratios, especially in ResNetl8, which has the
highest Ry. Although MobileNetV1’s exclusive 3 x 3 kernels
yield a higher Al than MobileNetV2, the lack of inverted
bottlenecks reduces activation reuse efficiency, leading to
lower Alyc/Almax across different platforms.

E. Fusion Configuration Analysis

Similar to the DF approach [16], our design prioritizes
deeper layer fusion over larger batch sizes to maximize on-
chip data reuse. To assess the potential impact of OCM
or Free List pressure, we evaluate ResNetl8 under vary-
ing batch sizes and fusion depth. As shown in Table VII,
enabling preloading via Remapping and Lifecycle Analysis
yields nearly identical memory utilization, energy efficiency,
and DSP efficiency across different batch sizes. Larger batches
are decomposed into sequential single-batch executions with
pipelined preloading, which ensures that input data becomes
available for computation at the earliest possible moment.
In contrast, shallow fusion configurations such as Fusion
Depth = 4 underutilize the DF advantage and therefore
achieve lower performance relative to deeper fusions. Overall,
potential memory pressure is mitigated by two mechanisms:
1) pipelined preloading, which overlaps data movement with
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Fig. 10. Comparison between RTX A6000, i7-10700K, and our accelerator in the roofline model. Purple is for i-7 10700K, yellow is for RTX A6000, and
green is for ours. Within the lowest bandwidth, our accelerator achieves the highest Al and the best performance across different models. This is attributed to
improved data locality and efficient OCM management, which minimizes computational resources idleness. On our accelerator, ResNet18 achieves optimal Al
due to higher data reuse enabled by its 3 x 3 kernels. In contrast, ResNet50 and ResNet152, which rely heavily 1 x 1 kernels, experience a sharp reduction in
data reuse. Due to deeper output channels, ResNet152 achieves the second-highest AI. MobileNetV2, limited by its 1 x 1 kernels and a maximum of 320 output

channels, exhibits significantly lower Al compared to ResNet models.

TABLE VI
COMPARISON OF ACTUAL VERSUS THEORETICAL Al
Network Average | Average Al ATt Almax (%)
Ry Ry max 1717-10070K | A6000 [39] | VCU118 [18] | VC707 [40] | KCU1500 [37] | VCUI18 (Ours)
ResNet18 882.8 190.6 303.8 7.9 - 32.6 - - 69.4
ResNet50 440.8 191.3 295.1 4.3 493 - - 41.8 50.7
ResNet152 558.3 208.5 374.5 6.1 - - 322 389 54.2
MobileNetV1 27.8 129.1 261.6 15.9 1.8 - - - 39.6
MobileNetV2 66.4 168.1 169.0 27.8 - 23.8 - - 42.0
TABLE VII TABLE VIII

OCM UTILIZATION AND HARDWARE EFFICIENCY OF ResNet18
UNDER DIFFERENT BATCH SIZES AND FUSION DEPTHS

OCM UTILIZATION AND FUSION DEPTH FOR DIFFERENT MODELS
ON THE IMAGENET DATASET (INPUT SIZE: 256 X 256)

. Memory Energy DSP . Residual Memory
Preload- S'Ba/téh (I;;lsno;/DCePtl; Utilization | Efficiency Efficiency Network _Batch Fusion Depth Block Size | Utilization
ng 1ze/Core ocks/Core (%) (GOPS/W) | (GOPS/DSP) Size/Core | (Blocks/Core) (KB) (%)
ud . : ah L L ResNetl8 T g 2832 811
v 3 3 36 704 0.60 ResNet50 1 4 52-56 86.7
v 16 g 93.6 795 0.60 ResNet152 1 4 52-56 87.3
4 8 16 93.6 79.5 0.60 MobileNetV1 2 5-8 12-48 85.9
v 8 4 69.8 61.2 0.44 MobileNetV2 2 34 36-92 84.9

computation to hide memory latency and 2) compile-time
OCM safety enforcement, which bounds the total fused layer
size within the OCM limit. For instance, a nominal Fusion
Depth of 16 exceeds this constraint and is automatically
partitioned into OCM-safe segments.

Effective utilization of the 256 kB feature map OCM
requires careful balancing between layer fusion depth
and OCM allocation. As quantified in Table VIII for
IMAGENET (256 x 256 input), ResNet18’s residual blocks
(28-32 kB/block) enable full model fusion (8 blocks) under
single-core batch size 1, requiring only input/output off-chip
access during inference. Fig. 11 demonstrates that the 4 kB
base unit within a 256 kB OCM configuration provides a
tradeoff across different DNN architectures.

F. Platform Adaptability Analysis

To evaluate architectural adaptability for ASIC platforms,
we implement our design in TSMC 28-nm technology
at 800 MHz using Synopsys Design Compiler and PrimeTime
PX. As shown in Fig. 12, Remapping occupies under 3% of
both area and power resources. The ASIC implementation
achieves similar off-chip data reduction to the FPGA ver-
sion while operating at significantly higher clock frequencies.
Although GPGPUs offer higher peak throughput, Table VI
reveals their energy inefficiency from suboptimal operand
scheduling. While Remapping could improve Al, its GPU
implementation would require fundamental memory hierar-
chy reconstruction—despite these architectural barriers, the
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Fig. 11. (a) 4 kB base unit design benefits most models, as shown by memory
utilization comparisons across different mReg base unit sizes. (b) Increasing
the OCM size to 256 kB achieves optimal configuration, as further expansion
does not significantly enhance off-chip reduction.
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Fig. 13. mISA enables programmers to perform complex operations with

fewer instructions, significantly reducing lines of code. MobileNetV2 achieves
greater recomputation reduction than ResNet variants on our accelerator, due
to its inverted bottleneck enhances the benefits of overlap reuse through
remapping.

potential performance-per-watt improvements warrant further
investigation.

G. Programming Complexity on Different Format

As described in Section III-B, our kernel functions are
constructed using regs, args, and launch instructions.
This methodology yields a compact implementation compared
to traditional operator-based functions for a 6-D compu-
tational kernel, or PyTorch module-based operators. This
efficiency is achieved by leveraging row tile-based mRegs
as a basic operand in mISA, as the Fused function depicted
in Code 2. Unlike conventional byte granularity encoding
schemes in [16] and [18], mISA uses a single remap instruc-
tion to facilitate row-level overlap data reuse, eliminating
the need for fine-grained address calculations. As quantified
in Fig. 13, deeper layer fusion, just like ResNet18, minimally
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impacts code complexity, because repetitive intermediate
residual blocks are modularized as reusable functions rather
than flattened instructions sequentially. Notably, MobileNetV2
achieves greater recomputation reduction than ResNet variants
on our accelerator due to its inverted bottleneck design, where
intermediate layers expand to 6x the input channel count,
amplifying the benefits of overlap reuse via Remapping.

VI. RELATED WORK

Tiling and data reuse techniques have dramatically miti-
gated off-chip access. Techniques like SmartShuttle’s dynamic
tiling [30], Shortcut Mining’s decoupled physical-logic
buffer [40], and Shortcut Fusion’s Reuse-Aware Static Mem-
ory Allocation [19] significantly reduce off-chip access.
LBDF [18] employs Row-wise Tiling to simplify overlap data
reuse. However, these approaches fundamentally lack depth-
wise convolution support due to channel-parallel conflicts.
Comparatively, Li et al. [37] supported both convolution types
through reconfigurable processing elements with partial sum
memory overhead, while Jiang et al. [38] employed dedicated
MobileNetV2 pipelines, sacrificing architectural flexibility.
Our key innovation, the Row-wise Tiling-based Remapping
mechanism, supports automatic data reuse without physical
data movement.

Processing-in-memory  (PIM) integrates computation
directly within memory arrays, eliminating the energy over-
head of data movement [49]. ReRAM-based PIM accelerators
offer significant potential for energy-efficient matrix proce-
ssing [50], as their analog crossbar structures are particularly
suitable for storing weights and performing computations
for CNN inference. MemUnison [51] utilizes ReRAM to
store weights and execute multiply—accumulate operations,
while employing Racetrack Memory [52] as a streaming
buffer to minimize intermediate data transfers and mitigate
ReRAM’s write amplification energy penalty. Our design,
combined ReRAM-Racetrack approach, can further reduce
the computational complexity of convolutional layers.

Stochastic computing (SC) has emerged as a promising
approximate computing technique, offering significant reduc-
tions in the power consumption for DNNs [53]. By encoding
numerical values as probabilistic bitstreams, SC enables
ultralow-power arithmetic operations using simple logic gates.
Current SC research focuses on mitigating its inherent preci-
sion limitations, particularly the severe noise imbalance where
small products suffer disproportionately high errors compared
to large ones [54]. HSCM [55] addresses this by heuristically
partitioning operations into three specialized domains: near-
zero products are set to zero, mid-range values use compressed
lookup tables for near-binary precision, and large products
retain LD-SC’s efficiency. This tri-mode approach establishes a
new Pareto frontier in energy-accuracy tradeoffs for edge DNN
through minimal circuitry. SC presents a compelling research
direction for further optimizing computational resources and
reducing data access in our work.

VII. CONCLUSION

To better support Row-wise Tiling, improve OCM uti-
lization, and reduce memory accesses, as well as accom-
modate the residual connections, we propose a flexible
mISA within a hierarchical-ISA combined with a hardware
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Remapping scheme.

This scheme provides a promising

approach for efficiently deploying DNNs across diverse DSAs.

By

systematically exploiting data locality and optimizing

resource utilization, the proposed accelerator design sig-
nificantly improves neural network inference performance.
At present, we have established a prototype on an FPGA.
In the future, we will further expand the operator library
to meet the requirements of more models and explore the
adaptability for general-purpose GPU architectures.
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