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Abstract—Effectively modeling relationships between distant
elements in a long input sequence is an important task that
remains challenging to this day. The state-of-the-art models for
processing sequential data are self-attention-based transformer
models. However, the computational complexity of self-attention
is quadratic to the input sequence length, which often becomes
the limiting factor in scaling the sequence length. Recently,
state space model (SSM)-based global convolution models, which
replace attention with convolution, have been found to be effective
for modeling long sequences, with a sub-quadratic complexity
using Fast Fourier Transform (FFT). However, they show sub-
optimal performance on data-parallel accelerators like GPU, due
to the regions of extremely low compute utilization with memory
bandwidth-bound operations. To address this inefficiency, this
paper proposes the Vandermonde matrix Generating Accelerator
(VGA), a custom accelerator that performs FFT-based convolu-
tion in an area/power-efficient manner. VGA introduces Complex
number Compute Units (CCUs) to fully utilize the high on-chip
SRAM bandwidth, and parameters are generated on the fly to
drastically reduce the required SRAM capacity. VGA achieves
76x (48x) higher area (power) efficiency than NVIDIA A100
GPU when executing the global convolution operator of H3, a
state-of-the-art SSM-based model.

I. INTRODUCTION

Long-range contexts are ubiquitous in natural sequences
and are widely regarded as the key to achieving human-level
perception with artificial intelligence. In natural language mod-
eling, it is required to model discourse-level phenomena such
as coreference and anaphora resolution [21], [27], narrative
scripts [33] or disambiguation of polysemy [39].

Even though self-attention-based transformers have seen
great success at sequence modeling in recent years, they
fall short when it comes to modeling long-range context as
their computation requirement increases quadratically with the
sequence length, making long sequence processing intractable.
Fig. 1 shows a recent scaling trend of sequence length with
GPT models [3] and the portion of inference time taken by
self-attention. Beyond GPT models, context lengths have been
further scaled with the recent release of Claude 2.1 (200K) [1]
and Gemini 1.5 (1M) [4].
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Fig. 1. Portion of self-attention in the end-to-end execution of the GPT-125M
model on an A100-40GB GPU using FlashAttention2. Supported token length
ranges for GPT-3, GPT-3.5, and GPT-4 are illustrated.

Recently, State Space Model (SSM)-based global convo-
lution models [34] have emerged as a scalable alternative
to self-attention-based models for learning tasks across long
input sequences [23], [24], [34]. By conducting convolution
instead of self-attention on the inputs, their overall com-
plexity is O(llogl), where [ is the input sequence length.
This reduced complexity enables model training on very long
input sequences, which was infeasible for transformer models.
Besides, some models report better metric performance for
long sequence datasets. For example, H3 [18], a state-of-
the-art global convolution model, outperforms self-attention
models on Long-Range Arena (LRA) benchmarks [47].

The key ingredient to the sub-quadratic complexity of these
models is Fast Fourier Transform (FFT). To capture long-
distance patterns, it uses a filter whose length matches that of
the input sequence. While the complexity of naive convolution
operation is O(I?) when the filter is as long as the input, it can
be suppressed with the help of FFT. Fourier transform has a
useful property that performing convolution with two vectors
is equivalent to multiplying the transforms of the 2 vectors in a
pointwise manner, and it can be done in O(llog!) complexity
using FFT. In fact, most global convolution models that make
use of long filters perform convolution using FFT.

An SSM-based global convolution model generates its filters
through SSMs, which are used to model the behavior of a
system across time. Intuitively, SSMs define the relationship

979-8-3503-5057-9/24/$31.00 ©2024 IEEE 1444

DOI 10.1109/MICR0O61859.2024.00106

Authorized licensed use limited to: Georgia Institute of Technology. Downloaded on March 31,2025 at 19:58:15 UTC from IEEE Xplore. Restrictions apply.



between an input v and an output y of a system through an
intermediate vector & called the state vector. The output is
defined as a linear function of the input and the previous state
vector, and the state vector is also updated using the input.
SSM-based global convolution models focus on a special type
of SSM in which 3 can be expressed as the convolution of 4
with a filter defined by the parameters of the SSM. It is trained
to learn the SSM parameters, and conducts convolution on the
input using the filter generated using these parameters.
The use of SSMs to generate the filters gives these models
a significant advantage over other global convolution models.
This is because they can divide a long input sequence into
chunks of equal length and perform convolution within each
chunk. This offers significant computational benefits, as con-
ducting long sequence FFTs is highly inefficient in modern
CPU or GPU architectures due to the memory bandwidth-
hungry nature of the operation. Chunk-wise convolution incurs
an additional computational cost to conduct state passing, a
process that produces the output chunk using the previous
vector and updates the SSM state vector. However, by dividing
the input sequence into chunks small enough to fit in SRAM,
the benefits of avoiding repeated DRAM accesses, which
are inevitable in long sequence FFTs, outweigh the cost of
increased computation, reducing the latency by half [18].
Nevertheless, GPU kernels conducting FFTs on lengths that
fit in SRAM are still memory bound, yielding very low com-
pute utilization. Furthermore, SSM-based global convolution
models include many other memory-intensive operations with
little computation. For example, they require multiple point-
wise operations such as multiplication of two vectors during
convolution, and state passing involves matrix multiplications
with highly skewed matrices. Bandwidth-hungry operations
can often be sped up through kernel fusion, but the large-sized
matrices used in FFT and matrix multiplications necessitate a
large SRAM capacity, making it difficult for these models.
One important observation is that all the matrices used
have a special feature. Specifically, they are all Vandermonde'
matrices, which means all other columns can be generated by
multiplying two columns in an iterative manner. Therefore,
instead of storing the entire matrices in memory, it is possible
to generate them from the two columns on-the-fly. However,
due to the serial nature of generation, it is difficult to utilize the
massive parallelism in a GPU to conduct other operations with
the matrices while generating the matrices on-the-fly. On the
other hand, a custom accelerator can be designed with greater
flexibility to fully leverage this property of the matrices.
Therefore, this paper proposes VGA, a specialized co-
processor that accelerates the highly memory-intensive regions
of SSM-based global convolution models. The regions of
interest (ROI) include FFT-based convolution, matrix multi-
plication for state passing, and pointwise operations, which
yield extremely low compute utilization on a GPU. One

IThe complete definition of a Vandermonde matrix also requires all
elements of the first row/column to be 1. However, in this paper, we relax
this requirement and refer to matrices whose other rows/columns can all be
generated from the two rows/columns as Vandermonde matrices.

key innovation of VGA is generating large matrices on-the-
fly from very small sub-matrices that fit in SRAM, thus
reducing the required SRAM capacity by 5x while saving
DRAM traffic significantly. As a result, it performs the target
operations in an area- and power-efficient manner, achieving
a 49x speedup over the GPU kernel at 128K sequence
with only 6.4% area (76x performance/area) and 10.28%
power consumption (48x performance/power) compared to a
NVIDIA A100 GPU when evaluated on a state-of-the-art H3
model [18], and a 48.2x speedup over the corresponding self-
attention kernel from FlashAttention2 [13]. In summary, this
paper makes the following contributions:

o We conduct an in-depth analysis of the emerging SSM-
based global convolution models as a scalable alternative
to today’s self-attention-based models and identify their
memory bandwidth and capacity bottlenecks.

e We propose VGA, the first hardware accelerator that
targets this important class of emerging workloads. VGA
effectively reduces the memory footprint to fit in SRAM
by generating required operands on-the-fly using special-
ized hardware.

o We provide a detailed evaluation of VGA using a cycle-
level simulator as well as RTL written in Chisel. Our
evaluation demonstrates substantial performance gains
over highly optimized software implementations of both
an SSM-based global convolution model [18] and a state-
of-the-art self-attention model [13].

II. BACKGROUND
A. Limitations of Self Attention

Self-attention [48] is a powerful mechanism that dynami-
cally captures the relationships between inputs. Self-attention-
based transformer models have achieved state-of-the-art per-
formance in a wide range of domains, including natural lan-
guage processing [9], [15], computer vision [16], and scientific
domains such as protein 3D structure prediction [32]. For a
length-I sequence of d-dimensional input, self-attention first
passes the input through three separate fully connected layers
to acquire 3 (! x d) dimensional matrices, respectively called
Query (Q), Key (K), Value (V) matrices. Then, () and K are
multiplied to acquire a (I x [) score matrix (S), the rows of
which are normalized using the softmax function. Finally, .S
and V' are multiplied to produce the (I x d) attention matrix.

Despite its groundbreaking success, modeling long se-
quences remains a challenge for self-attention. This is because
the computation and memory cost of self-attention increases
quadratically with the input sequence length [. Also, self-
attention and its approximation variants tend to underperform
on tasks where modeling of long-range context is impor-
tant [47].

B. Global Convolution Models

Convolution is widely used to effectively capture the rela-
tionships between inputs within the convolution window, and
it has been a crucial component of deep learning models such
as Convolutional Neural Networks (CNNs). While previous
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Fig. 2.
Generalized algorithm on a length-6 input sequence.

applications of convolutions were mainly focused on vision
tasks, utilizing small window sizes to capture local contexts,
recently there has been growing interest in a new type of
convolution model designed to handle long sequence inputs.

Instead of using a small, fixed-size filter these global convo-
Iution models use a filter whose size matches the length of the
input sequence, enabling them to identify global characteristics
across the entire input. These models have advantages over
self-attention when modeling long-range contexts as they
have sub-quadratic compute complexity. Instead of a naive
computation of the convolution, which has the same quadratic
compute complexity as self-attention, these models leverage
the well-known property of the convolution operation that it
corresponds to a pointwise multiplication in the frequency
domain. Applying FFT to the input sequence and convolution
filters, followed by multiplication of the resulting vectors,
and finally performing Inverse Fast Fourier Transform (IFFT)
efficiently implements global convolution with a complexity
of O(llogl). This approach significantly improves the com-
putational efficiency of the convolution process.

Even with a lower computational complexity, these models
also demonstrate superior performance in modeling long-
range contexts, outperforming self-attention. Notably, S4 [24],
S4D [23], SGConv [34], and several others [19], [41], [42]
have shown significantly improved results in comparison to
self-attention when evaluated using Long-Range Arena (LRA)
benchmarks [47]. These benchmarks are specifically designed
to assess a model’s capability to capture long-range contexts
through a series of tasks involving long input sequences.
Furthermore, it is noteworthy that some of these models have
achieved comparable or even better performance in natural
language tasks [18], [42]. For example, when trained on Open-
WebText, the difference in perplexity between a Transformer
model (20.6) and an SSM model (21.0) of similar size is only
0.4 [18]. These observations underscore the effectiveness and
efficiency of the global convolution models in handling long-
range dependencies and enhancing contextual understanding.
Due to their promise of efficiency and quality, SSMs are
being rapidly adopted across a wide variety of applications
including, but not limited to, biomedical image segmentation
[37], reinforcement learning [14], diffusion models [51], event
cameras [55], ECG classification [28], visual representation
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Cooley-Tukey algorithm. (a) Butterfly operations in the Radix-2 algorithm on a length-4 input sequence. Dotted lines represent permutations. (b)

learning [54] and point clouds [35].
C. Cooley-Tukey FFT Algorithm

The Discrete Fourier Transform (DFT) is a process that
converts a vector @ = (ug,u1,...,ur—1) in the time domain
to another length-L vector U = (Up,Ux,...,Ur_1) in the
frequency domain. This transformation is extensively used
in diverse fields as it has many useful properties. However,
since the computational complexity of transforming « to Uis
O(L?), there are many algorithms that reduce it to O(L log L).
The most popular algorithm is the Radix-2 Cooley-Tukey
algorithm which is used when L is a power of 2.

The Radix-2 algorithm is a divide-and-conquer algorithm
that recursively divides the input into two sub-vectors of
equal length. For example, the length-L vector « is divided
into a vector consisting of the even-indexed elements € =
(ug,ua,...,ur,—2) and a vector consisting of the odd-indexed
elements 0 = (u1,us, ...,ur,—1). Then, from the DFT results
E and O of the two sub-vectors, U can be constructed.
Specifically, the relationship between two elements U; and
Uit 1,2 is described in Eq. (1).

The operation of computing U; and U,/ from E; and
O; is commonly known as the butterfly (BF) operation, and
the value z is a fixed complex number such that z/ = 1.
The powers of z, z* (i = 0,1,...,L — 1), are called twiddle
factors. To summarize, the length-L vector « is repeatedly
divided log, L times, and each pair (U;, UHL/Q) of U is con-
structed through log, L butterfly operations. Fig. 2(a) shows
an example when L = 4. Starting from the input vector on the
leftmost column, each element of U on the rightmost column
is acquired through two butterfly operations.

Ui =Ei+2"-0;
Ui+L/2 =FE; — Zzi o

(i=0,1,..,L/2—1)

BF(E;, 0y, 2% = { W

The Cooley-Tukey algorithm has a generalized version
applicable to arbitrary integers that can be expressed as a
product of two natural numbers [17]. When L is equal to
the product of L; and Lo, the algorithm treats « as a 2D
matrix with dimensions (L; X L) in row-major form. An
example of this is shown in Fig. 2(b) for the case of L; = 2
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Fig. 3. Interchangeability of self-attention and H3 layers. H3 models replace
self-attention with H3 layers within transformer blocks. The red box denotes
the target region of interest (ROI) for the accelerator.
and L, = 3, and it takes 6 steps to compute the FFT. @
First, an input vector ¢ with a length of 6 is reshaped into
a 2 x 3 matrix. @ Second, Fourier transform is conducted
independently on each column. The results of each column-
wise transformation is denoted as (cg, ¢3), (c1,¢4) and (cz, ¢s5).
@ Third, the result of the FFT is pointwise multiplied with a
matrix of twiddle factors called compensated twiddle factors
(CTFs). @ Fourth, another round of Fourier transforms are
conducted independently on each row. @ Finally, the DFT of
i, denoted as U, is obtained after reshaping into a 1D array.
However, the reduction in computational burden from the
Cooley-Tukey algorithm does come at a cost. The Radix-2
algorithm introduces the need to permute the sequence every
stage in order to conduct the butterfly operation. Furthermore,
the result produced by the algorithm is not in the order of naive
DFT, but rather in a shuffled order called bit-reversal order. A
separate permutation has to be performed in order to recover
the original order of DFT. These permutations are expressed
as dotted lines in Fig. 2(a). The generalized version, on the
other hand, requires both row-wise and column-wise access
to the 2D data matrix, thus inevitably leading to inefficient
access patterns in modern memory systems.

D. State Space Model (SSM)-based Global Convolution

Many different approaches exist in global convolution mod-
els, and what mainly distinguishes each model is how it gen-
erates the filter. One of the most successful approaches builds
upon SSMs, a class of models used in the fields of control
theory and statistics to model a system that changes over time.
A specific class of models called Linear Time Invariant (LTI)
SSMs has to be used to generate the convolution filter K as
in Eq. (2). The input vector @ and the output vector ¢ are
both length-/ real vectors, and the initial state vector & is a
length-m complex vector, where m is a parameter of the SSM.

(b) Transformer / H3 Block (c) H3 Layer

K = (CA°B,CA'B,--- ,CA"'B)
(A € diag(C™),B e C™**',C e C>*™ D e C™)

Generally, the parameter matrix A can be non-diagonal,
but this leads to costly kernel generation, as computing the

elements CA'B of the filter K requires many matrix multi-
plications, making it difficult to train the model. Thus, the
matrix A is constrained to a complex diagonal matrix, as
this diagonalization significantly reduces the computational
complexity of computing K from O(Im?) to O(Im).

H3 [18] is the state-of-the-art model that incorporates all the
techniques explained previously. It exhibits lower perplexity in
the WikiText103 [38] dataset compared to models with similar
sizes such as GPT-2 and GPT-Neo. The H3 block (Fig. 3)
has a similar structure to that of a transformer block mainly
composed of an H3 layer and a Feed-Forward Network (FFN),
with additional dropout, residual sum, and layer normalization
layers in between. The overall structure of an H3 layer is
similar to that of a self-attention layer, with the attention
operation replaced by the global convolution. Specifically, as
shown in Fig. 3, the input & of dimensions [ x d is fed
through 3 different fully connected layers to produce 3 equal-
sized matrices (Q, K, V). Afterwards, for each of the length-
[ column vectors Q};, f(}, ‘_/'7;, the following operations are
conducted. First, a short 1-D convolution is conducted on
K;, and the result is multiplied by V; in a pointwise manner.
Then, an SSM-based global convolution operation (SSMConv)
is performed, which is multiplied pointwise with CZ- before the
result is passed through the final fully connected layer.

E. State Passing

Global convolution models make use of FFTs to reduce
the computational complexity of the convolution operation.
However, the FFT algorithm reads and updates the entire
sequence at each stage, making memory bandwidth a critical
factor for its performance. To avoid a DRAM memory band-
width bottleneck, optimized GPU kernels for FFT aggressively
utilize the shared memory of SMs to fit the entire input
sequence. The benefit of such optimizations becomes limited
as the input sequence gets longer and the entire sequence no
longer fits in SRAM, which inevitably generates additional
DRAM accesses.

SSM-based models can resolve this problem as they can
divide an input sequence @ of length N(= C x L) into
C' chunks of length-L vectors u; (¢ = 0,1,...,C — 1),
and convolution using FFT can be conducted separately on
each chunk with the help of the state passing algorithm.
As the chunk size can be selected freely to fit within the
GPU SRAM capacity, this mechanism greatly reduces DRAM
memory access during FFT. This is possible since the elements
of K have a recursive relation, all previous chunks can be
summarized into a state vector Z._1, and its contribution can
be computed separately from the convolution of the current
chunk.

K = (CA°B,CA'B, .- ,CA'"'B)
fc = AL-fcfl + Muzdc (3)
y—:: = M:cyfc—l + K * ﬁc —+ Dﬁc

Eq. (3) and Fig. 4 illustrate two steps in state passing:
1) updating the state vector to &, using . (State Update),
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Fig. 4. Detailed diagram of SSMConv with the state passing algorithm. (a)
The state vector is passed from the previous State Passing (SP) block to the
next SP block. (b) The SP block computation is composed of State Update,
Output Projection, FFT convolution, and pointwise operations.

and 2) producing the output chunk ¢, by adding the FFT-
based convolution output of the corresponding input chunk
i, (FFTConv) to the projection of previous state vector Z._1
(Output Projection).

M., and M,,,, are matrices constructed from the parameters
A, B and C as shown in Eq. (4) and Eq. (5). It is worth noting
that the two matrices are Vandermonde matrices, which means
all rows of M, can be obtained by recursively multiplying the
first row with a fixed vector consisting of diagonal elements
of A. Likewise, all columns of M,, can be computed by
multiplying the first column with the same fixed vector. This
property arises from the recurrent nature of the SSM.
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III. ANALYSIS OF H3 COMPUTATION
A. H3 Block Runtime Breakdown

The H3 block computation can be divided into three re-
gions: frontend, global convolution operation, and backend.
The global convolution operation accounts for the largest
portion among the three regions and constitutes the region
of interest (ROI) for hardware acceleration. As shown in
Fig. 5, the ROI includes the following operations: @ (FFT
Convolution) computation of convolution using FFT, pointwise
multiplication, and IFFT, @ (State Passing) the state passing
algorithm that multiplies vectors with Vandermonde matrices
M., and M,, and finally 9 (Pointwise Add. & Pointwise
Mult.) pointwise addition and multiplication. The proportion
of each component of the ROI is shown in Fig. 5.

The frontend and backend regions consist of all the re-
maining operations such as the FC layers in an H3 layer,
dropout and layer normalization layers, and the final feed-
forward-network of the H3 block. These operations are mostly

ROI V— Q—
3 v
K- 1D Conv [ PointMult [ SSMConv (w/ SP) | PointMult [
" 100 — OO
2 P i i
S = 50
- = ! 1
T35 oo i i
0 L i —
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s E\i 50 1 1 1 1
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[ap=] 0 ‘
| time
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[CJFFT Convolution [ State Passing [] Pointwise Add. [l Pointwise Mult.
Fig. 5. Breakdown of ROI region within H3 block computation for sequence
length of 128K on an A100-40GB GPU. Model parameters and batch size are
identical to the H3-GPT configuration in V-A. FLOPS are normalized by the
theoretical max TF-32 FLOPS of SM and Tensor Core. @ and ® of State
Passing denotes State Update and Output Projection, respectively. 1D Conv
employs FFT Convolution due to its kernel length (m = 64) falling within
the range suitable for FFT Convolution.

compute-intensive and well-suited for execution on conven-
tional data-parallel accelerators, such as GPUs and TPUs.

B. ROI Breakdown

FFT Convolution. FFT convolution performs FFT, pointwise
multiplication, and IFFT, taking the largest portion of ROI time
of around 42%. It is the key operation in both the 1D Conv and
SSMConv. Due to the use of state passing, DRAM bandwidth
utilization remains low after initial parameters are fetched from
DRAM. Although the use of on-chip shared memory improved
bandwidth, it still falls short of achieving full compute utiliza-
tion. Also, frequent barrier operations required for exchanging
values between warps further constrain compute utilization.
State Passing. The (@) State Update and (o) Output Projection
operations of the state passing algorithms take up approxi-
mately 26% of ROI time, with two operations, batched matrix
multiplication using M, and M, and the recursive opera-
tions between consecutive hidden states. Due to a particularly
small m in the batched matrix multiplication (m, L, C' x B),
opportunities for data reuse are limited. This reduces the arith-
metic intensity and makes these operations memory-bound,
leading to underutilized compute resources. This characteristic
is more prominent on batched matrix multiplication between
M, and u during State Update.

On the other hand, the recursive operations between consec-
utive hidden states, which are part of State Update, account
for only a small portion of the entire state passing process.
However, this is only when the number of input chunks is
smaller than hundreds. When the number of chunks C' is
greatly increased (due to smaller L or larger V), this operation
can become a major bottleneck of state passing. Thus, it is
important to keep the L large enough to suppress C.
Pointwise Operations. The ROI region also includes multiple
pointwise operations as described in Section II-D. In addition,
state passing increases the number of pointwise operations as
the output of Output Projection also needs to be added to the
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Fig. 6. Overview of VGA. (a) System-level diagram of VGA and architecture
of its PE. (b) Diagram of the CCU inside the core.

output of the FFT Convolution as shown in Fig. 4(b). These
pointwise operations are memory-bound, so it is common
practice to fuse them into a single kernel. However, an end-
to-end fusion of the H3 layer can be restricted due to the
amount of shared memory required for each operation. For
example, the large memory footprints required by the matrices
used in batched matrix multiplication for state passing make
the creation of a fully fused kernel a non-trivial task.

C. Custom Accelerator Solution

The H3 block can be characterized by two regions with op-
posing computational characteristics: the FFN/FC region and
the SSM-based convolution region. The former is compute-
intensive, making it suitable to be executed on compute-centric
accelerators such as GPUs and TPUs, that prioritize maximum
FLOPS. On the other hand, the FFT-based convolution layers
are mostly memory-bound and benefit from wider and larger
memory/SRAM. Since each of these regions occupies a size-
able portion of the execution time, it is inefficient to conduct
computations of both regions within a single architecture.

Therefore, this paper proposes an area/power efficient SSM
layer accelerator that completely offloads the ROI. Its design
is based on a detailed analysis of the bottleneck of each
operation within the ROI. FFT convolution can be accelerated
by utilizing sufficient SRAM bandwidth, and batched matrix
multiplication benefits from reduced DRAM access. However,
simply fusing all operations requires a large SRAM capacity,
resulting in poor area/power efficiency. Hence, the accelerator
significantly reduces the required memory capacity by dy-
namically generating the Vandermonde matrices M, Mg,
and the CTF matrix instead of storing the entire matrices in
SRAM. To achieve this, the accelerator integrates hardware
components capable not only of efficiently computing butterfly
operations but also of flexible reconfiguration for generating
elements of these Vandermonde matrices.

IV. ARCHITECTURE DESIGN

A. Overview

VGA is designed as a co-processor to operate with host
accelerators such as GPUs or TPUs. It is integrated alongside
the existing compute units of these accelerators, as shown in
Fig. 6(a). VGA comprises a collection of Processing Elements

(PEs), each connected to the host memory system via a
memory interface. Each PE consists of data/instruction SRAM
(D/T-SRAM), frontend, two data manipulation units (DMUSs),
a core, writeback, and a DMA engine.

During model inference, the computation of ROI in H3
layers is offloaded from the host accelerator (GPU/TPU) to
VGA. It performs SSMConv using the generalized Cooley-
Tukey algorithm and the state passing algorithm represented
in Eq. (3). The general execution flow of a VGA PE begins
with the frontend module fetching and issuing the instruction.
Subsequently, data is loaded from D-SRAM to the upper
DMU, where it is modified according to the instruction. The
modified data is then fed to the core. Upon receiving the
instruction, the controller of the core sets the mode of each
CCU. If the instruction produces an output that needs to be
written back to SRAM, it is enqueued into the writeback queue
inside the core. When a valid output is generated from any
CCU, an instruction is dequeued from the writeback queue.
The dequeued instruction is then forwarded to the lower DMU,
which performs the necessary permutations on the output
vector. Finally, the transformed output vector is written to
SRAM by the writeback module.

B. Computational Components

Core. The core in VGA is responsible for all computations. It
is constructed on top of a 1D array of k identical instances of
Complex-number Compute Units (CCUs), along with the con-
troller and writeback queue. Primarily, the core functions as
an array processor, with each CCU independently processing
data in the input vector corresponding to its index. However, in
scenarios where multiple CCUs need to communicate to pro-
duce a single value, data is transmitted through a unidirectional
connection from the rightmost to the leftmost CCU, similar
to the communication pattern of a 1D systolic array. The
writeback queue is a simple FIFO queue with no reordering
of instructions. Since the distance between data-dependent
instructions always exceeds the depth of the pipeline in VGA’s
PEs, the design is free of data hazards.

CCU. A CCU, depicted in Fig. 6(b), serves as the fundamental
execution element where actual computations take place. It
comprises three main components: the CMult unit, the recon-
figurable array, and the register file. The CMult unit, featuring
four multipliers and two adders, specializes in multiplying
two complex numbers. Conversely, two multipliers and four
adders in the reconfigurable array have flexible input and
output connections to support various computations. Note that
all multipliers and adders in both units operate on FP32
precision. Finally, the register file, capable of holding up to
six complex numbers, stores constants used for computations
or intermediate values updated over multiple cycles. These
include partial sums or elements of Vandermonde matrices
generated on-the-fly.

CCU Modes. Fig. 7 displays seven fully pipelined modes
supported by the CCU, each defining a unique configura-
tion of connections between the internal components. In the
CMult(M1), Butterfly or BF(M3), Update(M5), Residual(M6),
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and RMult(M7) modes, each CCU independently processes
the input vector. Conversely, during CTFGen(M2) and Pro-
Jjection(M4) modes, interaction between CCUs is required.

Between CCU mode transitions, an End-of-Mode (EoM)
instruction flushes the pipeline and serves as a synchronization
point. When dispatched at the end of a CCU mode, the EoM
instruction clears the pipeline by halting further instruction
dispatch until it reaches the writeback module.

In the following sections, where the usage of each mode
during the ROI computation is explained, the operands of each
mode are annotated using the notation from Fig. 7.

C. Operation Mapping

As depicted in Fig. 5, ROI consists of 1D Conv, SSMConv,
and PointMult which can be partitioned into four operations:
FFTConv, Output Projection, State Update, and pointwise
multiplication. 1D Conv utilizes the FFTConv, while SSM-
Conv, as illustrated in Fig. 8(a), is segmented into FFTConvy,
Output Projection, and State Update operations. The pointwise
multiplication in PointMult is executed with RMult(M7) mode.
FFTConv. The FFTConv operation involves a combination
of three modes: CMult(M1), CTFGen(M2), and BF(M3). As
shown in Fig. 8(b), CCUs perform FFT through a sequence of
operations: column-wise FFT (BF mode), CTF Multiplication
(CMult/CTFGen mode), and row-wise FFT (BF mode).

Fig. 7 shows the details of BF mode. In the BF mode,
the twiddle factor (7") is loaded into the register file before
the start of each FFT/IFFT stage and is reused throughout
the stage. First, the CMult unit multiplies O, by the twiddle
factor stored in the register. The resulting output (c + d7) and
FE; then undergo the butterfly operation in the adders of the
reconfigurable array, producing two complex numbers. Both
column- and row-wise FFT/IFFT operations follow a similar
procedure, differing only in the D-SRAM access pattern.

To avoid bank conflicts in both row and column access
during FFT/IFFT, each SRAM row of input data is circularly
rotated by its row index. For example, in an §-bank SRAM
storing 64 elements, the second row (elements 9th to 16th) is
rotated by 1, placing the 9th element in the second bank. This
strategy places all elements of each row and column across
different banks, eliminating bank conflicts.
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Fig. 8. Operations used for SSMConv execution. (a) Decomposition of Eq. (3)
into operations and CCU modes. (b) Breakdown of the FFTConv operation.
(c) Operation of the Projection mode during Output Projection. Previous
state (Z.—1) is loaded to each CCU at the start of the Projection mode.
(d) Operation of the Update mode during State Update. An element of . is
broadcast to the CCUs and each CCU updates the state vector.

For CTF multiplication, even-indexed CCUs operate in the
CMult mode, while odd-indexed CCUs operate in the CTFGen
mode. CCUs in CTFGen mode initially load the first few
elements of the CTF matrix (¢ + di) and the multiplication
factor (a + bt). They then generate further CTFs through
recurrent multiplications and pass them to the adjacent CCU
operating in CMult mode, where these CTFs are multiplied
with the streamed column-wise FFT results (C;). After the
FFT, the pointwise multiplication between the transformed
input and the filter in the frequency domain (K £) is carried
out in CMult mode.

Output Projection. The output chunk . is produced through
two modes: Projection(M4) and Residual(M6). In Projection
mode, the M, matrix is multiplied with the previous state
vector Z._1, while in Residual mode, outputs from the Pro-
jection mode, and the FFTConv operation are added with
the scaled input Du,.. Fig. 8(c) illustrates the matrix-vector
multiplication in the Projection mode. In this mode, each CCU
is assigned a single column of the M, matrix. Initially, a
corresponding element from the Z._; (a + bi) along with the
first element of the column (V) and its scaling factor (M) are
loaded into registers. Over L iterations, each CCU multiplies
N by M to generate an element of the column (¢ 4 di) and
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by real number multiplication (RMult). Colors correspond to those in Fig.
8. Mode switching indicates phases where the pipeline is being flushed by
the EoM instruction. IDLE periods in CCUs are mainly due to the exposed
DMA time. CMult for FFTConv and State Update is performed back-to-back
without mode switching.

then multiplies it by the corresponding element from Z._; to
produce a partial sum. This partial sum (e) is then propagated
to the adjacent CCU through the unidirectional connection
and accumulated. After m accumulations, the CCU writes the
result back to SRAM. For correct accumulation, appropriate
delays are inserted into each CCU at the start of the mode.
State Update. The previous state vector Z._; is updated to
Z. using two modes: CMult(M1) and Update(M5). First, the
CMult mode scales Z,_1 to A¥Z._;. Then in Update mode,
the M,,, matrix is multiplied by the current input vector
il, and added to A*Z. ;. Fig. 8(d) illustrates the Update
mode. In this mode, each CCU is assigned a single row of
the M, matrix. As in Projection mode, the initial element
of the row (IN) and its scaling factor (M) are loaded into
register. Also, accumulation registers (c, d) of CCUs are preset
to corresponding elements of A"Z._;. Over L iterations, each
CCU generates an element of the row and multiplies it with
the broadcasted element of . (e) to produce a partial sum,
which is then added to its accumulation register. After the
multiplication is completed, results are read from the registers
and then written to SRAM.

D. Other Hardware Components

Frontend and Writeback. The frontend module comprises
two components: the issue logic, responsible for fetching and
generating instructions, and the data logic, which loads input
data from either DRAM or SRAM depending on the issued
instruction. The issue logic retrieves loop parameters from the
instruction, specifying the repetition of the instruction and how
to update the metadata used by the data logic in each iteration.
This metadata determines the column and row addresses of
D-SRAM accessed by the data logic. Column addresses are
selected as a range, specified by the start index and the number
of columns to access. The row addresses for selected columns
are generated from one of multiple predefined patterns, such
as diagonal or strided access, also determined by the metadata.
The writeback module resembles the standalone version of
the data logic in the frontend module, but with a different
set of access patterns necessary for SRAM write operations.
When storing the output of each CCU, all elements of the
output vector are written to different banks in the D-SRAM,
avoiding bank conflicts and issues of data consistency.
Data Manipulation Unit (DMU). As illustrated in Fig. 6(a),
each PE within VGA consists of an upper DMU and a

lower DMU. DMUs remove the need for 1/O-heavy data
formatting operations by utilizing predefined control networks
and a shifter. They perform bit-reversal permutation, padding
insertion/removal and broadcast operations on the input data
of the next module. For the upper DMU, the next module is
either CCUs or the DMA engine, while for lower DMU, it is
the writeback module.

DMA Engine. Each PE has a DMA engine with an 1/O
width of 64B. The frontend sends DMA instructions to the
DMA engine, triggering access to the host memory system.
These DMA instructions contain the offset from the base
address, while the base addresses are stored inside the DMA
engine. As the DMA engine and the core share hardware units
for accessing D-SRAM, overlapping DMA with computation
may cause structural hazards. To alleviate this issue, DMA is
scheduled during Projection and Update modes, which have
long regions where only the D-SRAM read or write path is
active. If a DMA operation lasts longer than these regions,
the frontend pauses the DMA engine, completes the current
computation mode, and then restarts the remaining DMA
operations afterward. In such cases, the DMA time is exposed
to latency, as shown in Fig. 9. Since there are more data to
read from the host accelerator’s memory than to write, DMA
read (D-SRAM write) time is more likely to be exposed to
latency.

E. System-level Issues

Instruction Set Architecture. VGA uses two types of 16B
instructions: configuration and executable instructions. Con-
figuration instructions set up TLBs and the addresses required
for DMA operations, and alter the global states of the CCU.
Executable instructions encode the behavior of each module in
a PE. They include information such as D-SRAM addresses,
read/write access patterns of input/output data, DMU opera-
tions, and CCU modes. These instructions do not include data,
as data is passed through separate vector registers.

VGA Initialization. Before the first execution on VGA, the
host accelerator must perform initialization. First, it allocates
memory regions for data such as @, K, V, output matrix,
instructions, and SSM parameters. The size of each memory
region is set to cover sequence lengths up to a predetermined
maximum. Next, the page table entries (PTEs) for these
regions are retrieved and stored in a reserved memory region
that can be directly accessed by VGA. Triggered by a memory-
mapped register, the DMA engine in each PE populates its
TLBs with these PTEs. Each DMA engine can hold up to 32
TLB entries, which covers up to 64MB per PE when using a
2MB page on GPUs. With 128 PEs, VGA can access up to
an 8GB memory space. This capacity is sufficient to support
sequence lengths of up to 1M, assuming a hidden dimension
of h = 768, as the size of weight matrices used in the ROI
region is small compared to conventional LLMs. The cost of
initialization can be amortized, as initialized memory regions
can be reused during inference.

Communication with Host Accelerator. As VGA and the
host processor share the main memory, it is used as a ren-
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dezvous point for all GPU/TPU and VGA communication,
without concurrent memory access by either. GPUs/TPUs use
a write-through policy for data pages to send to VGA. When
VGA writes its output to the main memory, the GPU/TPU
cache invalidates any stale cached copy of the output.
Offloading Workload. The host accelerator offloads the ROI
of the H3 layer by sending the input length and layer number
to VGA through memory-mapped registers. This information
is broadcast to all PEs, triggering the execution of VGA
instructions. Each PE signals the completion of computation
to the host through its private completion flag register. The
workload is parallelized across the hidden dimension (h). Each
PE is assigned consecutive ﬁ hidden dimensions and
processes input sequences of one hidden dimension at a time.
This eliminates the need for synchronization between PEs, as
computation on each hidden dimension is independent and PEs
write to non-overlapping memory addresses.

V. EVALUATION
A. Methodology

Models and Datasets. The performance evaluation is con-
ducted on the inference of two models. The first model is a
GPT-125M like natural language model taken from the official
H3 GitHub repository [18]. This model, referred to as H3-
GPT, replaces 12 self-attention blocks in GPT-125M with H3
blocks. Retaining the same hyperparameters as the original
repository, H3 blocks use a hidden dimension of h = 768
and the SSM state vector dimension of m = 64. We evaluate
the model on input queries from the WikiText-103 dataset
parsed to sequence lengths ranging from 8K to 128K. The
second model, denoted as H3-Speech [24], is composed of 6
unidirectional H3 layers and targets raw speech classification
on SC10 [50]. Its H3 layers use a configuration of h = 128
and m = 64. The lack of FFN layers in this model presents
opportunities for additional performance gains for VGA.

The evaluation employs the maximum possible power-of-
two batch size on each device. Specifically, for H3-GPT and
H3-Speech on GPU, batch sizes of 8 and 16 are employed,
respectively. On TPU, batch sizes of 2 and 16 are utilized
for H3-GPT and H3-Speech, respectively. Note that VGA
conducts the exact computation of ROI without any approxi-
mation. Therefore, the use of VGA does not incur any accuracy
drop, and its inference latency is independent of the input data
contents.

GPU Baseline. All GPU baselines are measured using a single
NVIDIA A100-40GB GPU. The self-attention baseline utilizes
FlashAttention2 [13], the state-of-the-art conventional self-
attention mechanism on GPU. The official GitHub repository
of H3 [18] does not provide the implementation of the state
passing algorithm. Thus, we faithfully implemented the state
passing algorithm without Vandermonde matrix generation,
using a custom FFT convolution CUDA kernel from the
repository, utilizing it as the baseline for H3.

TPU Baseline. In our TPU evaluation, we use a single
core of the TPUv3 chip, which is half of a TPUv3 chip.
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Fig. 10. ROI speedup of two models on GPU and TPU, with respect to the
execution of H3 on each platform.

A TPU core is the basic unit of computation for TPUv3.
Although sharing a single die, two cores have completely
separate DRAM and compute units, and can access each
other through an on-chip interconnect router [40]. As there
is no publicly available implementation of FlashAttention
for TPU, we employ the multi-head attention layer provided
by TensorFlow2. However, since this implementation is not
as memory-efficient as FlashAttention2, evaluating sequences
longer than 8K causes an out-of-memory (OOM) error. For the
H3 software baseline, we used a ported version of H3 with the
state passing algorithm.

VGA Simulation. For the evaluation of VGA, we simulate
the ROI latency using a custom cycle-accurate simulator.
The custom simulator is integrated with Ramulator2 [36] to
simulate DRAM access latency. This simulation includes both
the execution of ROI and the data transfer time between VGA
and DRAM. To calculate the inference latency when utilizing
VGA, we replaced the ROI latency of the GPU/TPU with
that of VGA. In Ramulator2, we configure five 1.2GHz chips
(1555GB/s) and two 0.9GHz chips (450GB/s), all each with an
8GB HBM2 chip, for the GPU and TPU, respectively, to match
the known DRAM bandwidth of the host accelerator [2], [31].
VGA uses k£ = 32 CCUs in the core of each PE. In order
to conduct 2D-FFT as a square matrix, the length of each
input and output chunk [ is set to 2048. The number of PEs is
selected by analyzing the ROI latency across different numbers
of PEs, as shown in Fig. 13. For evaluation, we employ VGA
with 128 PEs for the GPU, and with 32 PEs for the TPU.
Area/Power Comparison. The RTL implementation of VGA
is synthesized using TSMC 40nm technology at a frequency of
1GHz. To compare the area and power consumption of VGA
with the GPU and TPU, we scaled VGA down to 7nm [2] and
16nm [30] using the scaling factor equation [46] to match the
technology of each accelerator. The area and TDP of a single
A100 40GB GPU are set to 826 mm?2 and 400 W [2], while
for a single TPUV3 core, we used half the area and power of
a single chip which is 324 mm? and 225 W [31].
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VGA over GPU. H3-GPT with a sequence length of 128K is used for latency
measurement.

B. ROI Speedups

Fig. 10 illustrates the relative ROI latency across platforms
and models as the sequence length increases. All values are
normalized to the latency of the H3 layer with state passing
executed on each platform. For FlashAttention2 and self-
attention used in GPU and TPU, respectively, we measure
the time spent on the matrix multiplication of @ and KT,
the softmax operation to acquire the score matrix .S, and the
multiplication of S and V.

VGA on GPU. With an increase in input sequence length from
8K to 128K, VGA achieves a 4.89x and 4.63x ROI latency
speedup at the 128K sequence length for H3-GPT and H3-
Speech models, respectively. Compared to FlashAttention2 on
the H3-GPT model, VGA attains a maximum 48.2x speedup
at the 128K sequence length. The speedup in ROI gradually
increases and then levels off as the sequence length increases.
While the latency of the GPU scales relatively linearly with the
sequence length, VGA exhibits sub-linear increases in latency
at shorter sequence lengths, resulting in an increase in speedup.
This is because, in VGA, the latency for loading parameters
of the next hidden dimension is noticeable at shorter sequence
lengths but becomes negligible at longer sequence lengths.
VGA on TPU. On a TPU, VGA achieves 28.1x and 28.7 x
speedup for the ROI latency at the 128K sequence length in the
H3-GPT and H3-Speech models, respectively. In the H3-GPT
model, self-attention encounters an OOM for sequences longer
than 8K. The H3-GPT model exhibits a different trend for ROI
speedup as the sequence length increases. Since the batch size
is selected for inputs with a sequence length of 128K, only
the longer sequence inputs fully utilize the compute resources
on the TPU, resulting in a greater ROI speedup at shorter
sequence lengths.

VGA ROI Breakdown. A breakdown of the accelerator’s
ROI latency is as follows: The FFTConv, Output Projection,
and State Update operations consume 47%, 21% and 24%,
respectively. In the FFTConv operation, FFT/IFFT operations
account for 69%, while CTF generation and multiplication
with FFT results take 25%. Pointwise multiplication of the
filter with FFT results occupies the remaining 6%. In both the
Output Projection and State Update operations, the majority of
time (100% and 94%, respectively) is spent on matrix-vector
multiplications, with minimal time for pointwise operations.
VGA maintains an average FLOPS utilization of 78%.
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Fig. 12. (a) End-to-end speedup of two models across platforms, normalized

to the execution time of H3 on each platform. (b) Portion of ROI in two
models across different platforms.

Fig. 11 shows the latency breakdown of H3-GPT with
a 128K input sequence length for the the GPU and VGA.
FFTconv, state passing, pointwise add and mult are 3.85x,
2.93x, 65x, and 56 faster in VGA than the GPU. Pointwise
operations benefit the most from kernel fusion due to their
small amount of compute.

C. Model Speedups

Fig. 12(a) shows the end-to-end latency of two models
across each platform. The latency is normalized with the
latency of the H3 model on each platform. The models with
FlashAttention2 and self-attention use the same configuration
as the H3-GPT model. When the ROI is delegated to the ac-
celerator, the H3-GPT model achieves 1.7x and 7.4x latency
speedup over software at a sequence length of 128K on the
GPU and TPU, respectively. In comparison to the model using
FlashAttention2 with identical configurations, the combination
of H3 block and VGA achieves 8.8 speedup at a sequence
length of 128K on the GPU. For the H3-Speech model, there
are 2.4x and 14.9x latency speedups over software at a
sequence length of 128K on the GPU and TPU, respectively.
ROI Portion of TPU/GPU. Comparing GPUs to TPUs, the
portion of ROI is larger for TPU than for GPU in both models,
as seen in Fig. 12(b). This distinction arises from their different
architectural focus. GPUs offer greater flexibility, supporting a
wide range of operations beyond dense matrix multiplications.
In contrast, TPUs prioritize compute-intensive dense matrix
multiplications, with less emphasis on operations requiring
irregular memory access patterns like FFT or memory-bound
operations, such as the pointwise operations within the ROI.
Therefore, by offloading the ROI to VGA, TPUs can experi-
ence greater performance improvements than GPUs in terms
of the model latency.

D. Source of Efficiency

Memory Traffic Reduction. The memory traffic reduction
is the key to the latency improvement of VGA. Compared
to the H3-GPT model on a GPU with a sequence length of
128K, VGA achieves a memory traffic reduction of 9.7 x. This
reduction enables greater arithmetic intensity and consequently
higher achievable throughput. It is attributed to the fully fused
ROI computation, made feasible by the reconfigurability and
the on-the-fly Vandermonde matrix generation.
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SRAM Footprint Reduction. VGA improves area and power
efficiency by minimizing the SRAM footprint for the fully
fused kernel through on-the-fly matrix generation. Only 5 rows
and columns are needed for generating the entire M, and
M, matrices, respectively, with full pipeline efficiency. This
reduction in memory footprint results in a 410x decrease com-
pared to using full matrices. Overall, when also considering
memory space for input and filter vectors, the total SRAM
capacity is reduced by 5x compared to storing full matrices.
VGA without Matrix Generation. In a hypothetical scenario
where the PE design of VGA is altered to store full matrices
in SRAM and utilizes CCUs with greater flexibility, the
throughput for CTFGen, Projection, and Update modes can be
doubled. This enhanced throughput can translate into a 1.4x
increase in the ROI speedup over the current PE design, when
not accounting for the increased DMA time. Nevertheless,
implementing such a configuration is less efficient compared
to scaling the number of current PEs in VGA, as this approach
incurs a 2.9x increase in area and a 3.9x increase in power
due to a larger SRAM requirement.

E. Sensitivity Studies

Fig. 13(a) illustrates the ROI speedup of the H3-GPT model
using VGA, compared to the H3 implementation on different
platforms, considering varying numbers of PEs within VGA.
As the number of PEs is increased from 16 to 256, the ROI
speedup increases from 0.6x to 8.7x when VGA is used with
a GPU. For integration with a GPU, VGA with 128 PEs is
chosen, as the linear scaling behavior is lost beyond this point.

In the case of TPU, the latency improvement increases
from 14.1x to 57.4x. For TPU usage, VGA with 32 PEs is
employed since the end-to-end model speedup improvement
diminishes noticeably beyond 32 PEs. The non-linear scaling
behavior observed when VGA is used with GPU or TPU is
attributed to the DRAM bandwidth constraint.

Fig. 13(b) shows the influence of the batch size on the ac-
celerator’s speedup. Overall, ROI speedup remains consistent
across batch sizes on both GPU and TPU for both models. The
ROI speedup of H3-Speech on the GPU exhibits higher values
at small batch sizes but plateaus as the batch size increases.

TABLE I
AREA AND POWER BREAKDOWN
Single PE
C " Area Power C " Area Power
omponents (mm?2) W) omponents (mm?2) W)

D-SRAM 2.61 1.25 | I-SRAM 0.05 0.05
Core
(32 CCUs) 2.35 0.27 | Others 0.14 0.07
DMA Engine 0.08 0.01 | Total (40-nm) 5.54 1.72
Frontend &

Writeback 0.03 0.01 | Scaled (16-nm) 1.32 0.59
DMUs 0.28 0.06 | Scaled (7-nm) 0.41 0.32
VGA
32 PEs (16nm) | 4235 | 1892 | 128 PEs (/-nm) | 52.82 | 41.10
TABLE II
SPEEDUP OF CONVOLUTION RELATIVE TO PARALLEL SCAN IN SSM
SeqLen (tokens) 8K 16K | 32K | 64K | 128K
Speedup (times) | 3.38 | 3.37 | 3.19 | 3.23 3.34

F. Area/Power Analysis

As shown in Table I, the total area and power consumption
of VGA with 128 PEs, scaled to 7nm, amount to 52.82 mm?
and 41.11 W, approximately 6.4% and 10.28% of a single
A100 GPU, respectively. Meanwhile, for VGA with 32 PEs
scaled to 16nm, the total area and power consumption are
42.35 mm? and 18.92 W, making up 13.1% and 8.4% of
a single TPUV3 core. Further detailed breakdowns for each
PE are available in the same table. The primary components
occupying the area and power consumption are the SRAM and
the core. Other elements, such as the DMA engine, shifters,
and control networks, contribute negligibly to the overhead.

G. Discussion

End-to-end speedup of Hybrid H3 Model on GPU. There
is a hybrid H3 model with two of its H3 layers replaced by
self-attention layers [18]. This model exhibits higher quality
than the H3-only model but suffers from worse latency. As
the sequence length increases, the overall execution time in
the hybrid model is eventually dominated by the self-attention
layer, nullifying the throughput gains of H3-GPT. Thus, the
hybrid model is most viable for relatively short sequence
lengths, up to 64K, for which the hybrid model has a latency
competitive with the H3-only model. In this range, VGA
achieves end-to-end speedups of 1.58x, 1.57x, and 1.45x
for sequence lengths of 16K, 32K, and 64K, respectively.
Comparison between Convolution and Parallel Scan. Par-
allel scan serves as an alternative to FFT convolution in
computing SSMConv [22]. While the parallel scan offers
model flexibility by eliminating the need for precomputed
filters, FFT convolution excels in speed for SSMConv. Table II
shows the speedup of FFT convolution with state passing over
an optimized parallel scan kernel [22] as the sequence length
varies, with h = 768, m = 64, and a batch size of 8. Across
varying sequence lengths, FFT convolution is, on average,
3.3x faster than the parallel scan.

Estimation of FlashFFTConv GPU Baseline. FlashFFT-
Conv [20] is a recently introduced GPU kernel for FFT-
convolution, utilizing a matrix multiplication-based FFT
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Fig. 14. FP32 roofline of AMD AI engine (AIE) and VGA in an iso-area

configuration. Labeled operations are: (a) real multiplication, (b) complex
number multiplication, (c,d) State Update and Output Projection without
Vandermonde matrix generation, (e) FFT/IFFT, (f,g) State Update and Output
Projection with Vandermonde matrix generation.

approach to leverage tensor cores. Direct application of
FlashFFTConv to the H3 model is challenging as it operates
on FP16, whereas our model uses FP32. To estimate its
performance impact on the GPU baseline, we replace the time
spent on FFT-convolution in the H3 baseline layer (56 ms) of
H3-GPT using 128K input sequence, with FlashFFTConv’s
time for FFT-convolution on an FP16 input sequence of
identical length (32 ms). This substitution reduces the time
spent on ROI on the GPU from 140 ms to 116 ms, translating
to an 18% reduction in ROI speedup for VGA. However, this
number serves as the upper bound of speedup reduction, as
the FP32 version of FlashFFTConv would halve the FLOPs
and double the bandwidth usage.

Comparison with AMD AI Engine. Fig. 14 show an FP32
roofline comparison between the AMD Al Engine (AIE) [7],
a Coarse-Grained Reconfigurable Architecture (CGRA) style
accelerator platform, and VGA. The number of tiles in the
AlIE is scaled to match the area of a single PE of VGA. The
area of the AIE is estimated from its die photo [5] fabricated
in a 7nm process. VGA has 9.45x higher area-normalized
throughput, as arithmetic intensity for operations in ROI is
mostly between the ridge point of the AIE and VGA. The
relative area inefficiency of the AIE architecture is attributed
to the overhead of sophisticated inter-tile connections and non-
FP32 arithmetic units, whereas VGA’s specialization avoids
such overhead.

VI. RELATED WORK

FFT Accelerators. FFT is an important algorithm extensively
used in digital signal processing across multiple applications,
such as sensor signal processing [45], synthetic aperture radar
[8], and digital communication [6]. Therefore, many different
custom hardware designs that accelerate variants of FFT,
including Cooley-Tukey algorithm, have been proposed [10]
[12]. VGA is different from these previous designs as it
supports many other complex number operations other than
the butterfly operation, and it performs on-the-fly CTF matrix
generation through complex number multiplication.

Activation Re-computation. Reducing memory footprint is
a popular topic in the deep learning field. Re-computation of
layer activations is one of the optimizations widely adopted to

conduct model training in a memory-efficient manner [11],
[44], [49] to increase the size of training batch or model.
To reduce memory footprint, activations required for gradient
propagation are recomputed during the backward pass instead
of saving them in memory during the forward pass. Similarly,
VGA generates the same CTF matrix and the M, and M,,;
matrices every time they are needed instead of storing them
in memory, which is made possible by their mathematical
properties.

Software Optimization for LLM Inference. There is a rich
variety of software efforts aimed at improving LLM inference.
While self-attention-specific techniques, such as those in [43],
[53], are not applicable to our models, batching optimization
techniques during generation [29], [52] can be utilized. How-
ever, these works are orthogonal as we primarily focus on
summarizing long input sequences instead of generating output
tokens.

Other State Space Models. SSM-based global convolution
models like LSSL [25] outperform SSM-based RNN variants,
but training these SSM-based convolution models is known to
be difficult. The recursive multiplication of A incurs a heavy
computational overhead during filter generation. In DSS [26],
S4 [24], and the subsequent work S4D [23], efficient solutions
are proposed to this problem. They introduce techniques
such as matrix decomposition and diagonalization for filter
generation, drastically reducing its complexity. The H3 model
evaluated on VGA is built on S4D that targets natural language
processing tasks using an attention-like mechanism. Since the
operations conducted in the two models are very similar, VGA
can be used to accelerate S4D with little to no additional
hardware overhead.

VII. CONCLUSION

Global convolution models are effective alternatives to
transformers for processing long sequences. This work fo-
cuses on the H3 model, a state-of-the-art SSM-based global
convolution model, analyzing its operations and potential
optimizations to enhance inference speed. It concludes that the
H3 block’s high memory bandwidth usage and low compute
utilization highlight the necessity for fully fused execution.
This paper proposes VGA, the first custom accelerator tar-
geting global convolution models. By leveraging property of a
Vandermonde matrix, VGA shows 76 x and 48 x improvement
of area and power efficiency over A100 GPU, respectively.
When integrated with TPU, VGA exhibits an end-to-end
latency speedup of up to 14.9x, observed specifically in the
H3-Speech model with a sequence length of 128K.
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