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Abstract

The Transformer-based generative model (TbGM), compris-
ing summarization (Sum) and generation (Gen) stages, has
demonstrated unprecedented generative performance across
a wide range of applications. However, it also demands im-
mense amounts of compute and memory resources. Espe-
cially, the Gen stages, consisting of the attention and fully-
connected (FC) layers, dominate the overall execution time.
Meanwhile, we reveal that the conventional system with
GPUs used for TbGM inference cannot efficiently execute
the attention layer, even with batching, due to various con-
straints. To address this inefficiency, we first propose AttAcc,
a processing-in-memory (PIM) architecture for efficient exe-
cution of the attention layer. Subsequently, for the end-to-
end acceleration of TbGM inference, we propose a novel
heterogeneous system architecture and optimizations that
strategically use xPU and PIM together. It leverages the high
memory bandwidth of AttAcc for the attention layer and
the powerful compute capability of the conventional system
for the FC layer. Lastly, we demonstrate that our GPU-PIM
system outperforms the conventional system with the same
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memory capacity, improving performance and energy effi-
ciency of running a 175B TbGM by up to 2.81x and 2.67X,
respectively.

CCS Concepts: « Computer systems organization — Par-
allel architectures.

Keywords: Processing-in-Memory, Transformer-based Gen-
erative Model, DRAM
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1 Introduction

Since its introduction, the Transformer-based generative
model (TbGM) has showcased exceptional output quality
across diverse application types. These include not only tasks
in the field of natural language processing such as chatbot,
text summarization, and code generation, but also image,
video, and speech processing domains. TbGM inference con-
sists of one summarization stage (Sum stage) and recurring
generation stages (Gen stages), both of which are composed
of multiple fully-connected (FC) and attention layers. Due to
its sequential nature, the Gen stage generally dominates the
total execution time. ThbGM takes an input sequence of length
Lin, which has been increasing (see Table 1). Each Sum/Gen
stage produces an output token, ultimately generating an
output sequence of length L,,; until termination.
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Table 1. Model size and maximum input sequence trends
GPT models assuming FP16 weights.

Model ‘ GPT-1[51] GPT-2 [52] GPT-3[5] GPT-4 [44]
Max. model size 0.21GB 2.8GB 326GB -
Max. input seq. len. 512 1,024 2,048 32,768

Despite its remarkable capabilities, TbGMs demand un-
precedented amounts of compute and memory resources. For
example, GPT-3 [5], a representative TbGM, has up to 175
billion parameters and requires 1,475 TFLOPs of computa-
tion (i.e., more than 300,000x of ResNet-50) when (L;p, Lou:)
is (2,048, 2,048).! In such a case, both the FC and attention
layers in the Gen stage end up demanding more memory
bandwidth than what the current high-end GPUs can provide.
That is, the conventional system with such GPUs becomes
inefficient for TbGM inference. For example, running GPT-3
with (Lin, Lour) of (2,048, 2,048) on an NVIDIA DGX A100
system [42] with 640GB of HBM3 and 26.8TB/s of memory
bandwidth (henceforth baseline) will leave its compute unit
utilization below 1%.

Batching to process multiple input sequences together can
be a potential solution to inference throughput, but it is effec-
tive only for the FC layer, not the attention layer. Specifically,
batching can improve the utilization of the system’s compute
and memory resources for the FC layer by reusing the weight
matrices and increasing arithmetic intensity, quantified by
the Operation per Byte (Op/B). For example, with a batch
size of 256 and unlimited memory capacity for the baseline,
the GPU utilization reaches 71%. Besides, its throughput in-
creases by 88x while maintaining nearly the same latency.
However, the Key and Value (KV) matrices of the attention
layer are unique per (inference) request. That is, batching can
neither reuse the KV matrices nor improve the throughput
of processing the attention layer.

Moreover, the attention layer even limits the maximum
batch size and impacts the FC layer throughput due to two
critical constraints: memory capacity and service level ob-
jective (SLO). (1) The memory capacity required to store
KV matrices can be prohibitively high. For instance, the KV
matrices of each request can be up to 18GB for an (L;y,, Loy;)
of (2,048, 2,048), which increases proportionally to the batch
size. Thus, for the baseline system with 640GB of memory,
the maximum batch size is 18. (2) Even if the memory ca-
pacity constraint is resolved, the SLO requirement becomes
another limiting factor. As batching does not improve the
throughput of the attention layer (§3.2), a larger batch leads
to a longer processing time and thus violation of a given SLO
constraint. For example, we can hypothesize an unrealistic
version of baseline with 5,000GB of memory, which seems to

Considering that the maximum sequence length for the recently released
ChatGPT even surpasses 4,096 [44], we set Loy to a maximum of 2,048
when L;, is 2,048.
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enable the batch size of 256. Nonetheless, when the SLO is

50ms, in line with prior work [49, 66], the maximum batch

size can be merely 27.

To address such inefficiency, we first propose a processing-
in-memory (PIM) architecture accelerating memory-bound
attention layers, dubbed AttAcc (Attention Accelerators).
Specifically, we start with an extensive design space explo-
ration to design the microarchitecture of AttAcc. This in-
cludes where to place processing units within the DRAM-
based PIM (e.g., buffer die, bank-group, and bank) for both
GEMYV and softmax operations, while meticulously consider-
ing bandwidth requirement, area overhead, and power bud-
gets. Then, we devise an efficient data-mapping methodology
for AttAcc after evaluating tradeoffs, such as between band-
width consumption and exploitable degree of parallelism,
among various data mapping schemes.

Second, for the end-to-end acceleration of TbGM inference,
we propose a heterogeneous system architecture that strate-
gically processes the memory-bound attention layers with
AttAcc, while efficiently handling compute-bound batched
FC layers with xPUs (e.g., GPUs or TPUs). This unique op-
timization opportunities maximize the utilization of both
xPUs and AttAccs. AttAcc alone has already reduced the exe-
cution time of the attention layer. This allows us to increase
the maximum batch size under the SLO constraint, and thus
the throughput of processing the FC layer. Additionally, we
propose to have xPUs and AttAccs pipeline execution of op-
erations in the FC and attention layers. This improves the
utilization of both xPUs and AttAccs, decreases the total ex-
ecution time of both the attention and FC layers for each
batch, and thus further increases the maximum batch size.

Our evaluation shows that the GPU-PIM heterogeneous
system with these optimizations can offer up to 2.81x higher
performance and 2.67X lower energy consumption than the
conventional GPU system when both the systems are popu-
lated with 1,280GB of main memory.

The key contributions of this paper are as follows:

e We discover that the attention layer poses a constraint
on the batch size in executing TbGM with conventional
platforms (e.g., GPUs) due to the SLO and memory capacity
requirements.

e We propose a heterogeneous system architecture with
the conventional computing platform for the batched FC
layer and AttAccs for the attention layer, leveraging PIM
architecture.

e We propose efficient pipelining and co-processing opti-
mizations that maximize the utilization of AttAccs.

2 Background
2.1 GPT Model

In this paper, we focus on GPT [5], a representative ThbGM.
The GPT architecture is based on the decoder of Trans-
former [61] (see Figure 1). In a GPT model, input tokens
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Figure 1. (a) The inference process of GPT and (b) the detailed process of one decoder in a Gen stage for GPT-3 175B.

are first converted into embedding vectors through token
embedding [61]. These vectors are cascaded through Ny, de-
coders, each with different pre-trained weights, to generate
an output embedding vector. The output vector is converted
to an output token through a language model (LM) head.

A decoder consists of a multi-head attention block and
a feedforward (FF) block. Both blocks are accompanied by
layer normalization (layernorm), a type of normalization
performed on the embedding vector, and residual, element-
wise addition. The multi-head attention block is composed
of three layers in the following order: QKV generation layer,
attention layer, and projection layer. The QKV generation
and projection layers are fully connected (FC) layers for
generating query (Q), key (K), and value (V) data that contain
the information of each input token and for projecting the
outputs to the attention layer. The attention layer calculates
the contextual representation between tokens (Figure 1(b)).
It is divided into multiple independent heads, which can be
executed in parallel. The Q, K, and V data are equally divided
into Npeqq heads (Q;, Kj, and V; for i = 0, 1, ..., Npeaa —1).
Each head sequentially performs an inner product (score
operation) on Q; and Kj, a softmax operation on the inner
product result, and another inner product (context operation)
with V; on the softmax result. The outputs of the heads are
concatenated and used as input for the projection layer. The
feedforward block consists of two FC layers (FF1 and FF2)
and a Gaussian error linear unit (GELU) layer.

2.2 GPT Inference Process

GPT infers a request by going through a summarization
(Sum) stage that understands the context of an input se-
quence, followed by multiple generation (Gen) stages, each
generating a new token in an autoregressive manner. Each
stage proceeds sequentially and reuses the same pre-trained
weights. The primary operations in the Sum stage are the
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Figure 2. Percentage of the Gen stage time in total execution
time over various input and output tokens on GPT-3 175B
with batch size 1.

general matrix-matrix multiplication (GEMM). In the Sum
stage, each decoder receives a matrix of L;, Xdepp (embed-
ding dimension) as an input, processes it through the FC and
attention layers, and outputs a matrix of the same size.

The Gen stage proceeds similarly to the Sum stage but with
two major differences. First, a Gen stage mainly performs
general matrix-vector multiplication (GEMV) operations. It
takes a single token, generated by the previous stage, as
an input, and the input of each decoder is also a vector.
Second, the attention layer operates on the Q vector for
an input token of the current stage with the KV matrices
that aggregate the input tokens of the Sum stage with the
generated tokens up to the previous Gen stage. That is, each
Gen stage appends newly created KV vectors of an input
token to the KV matrices transferred from the previous stage.
When L is defined as the sum of L;, and the number of
tokens generated up to the current stage, the dimensions of
the Q vector and the KV matrices are 1Xd,,;, and LXd¢mp,
respectively. The output token of a Gen stage becomes the
input of the next Gen stage, being repeated until an end-of-
sequence token is generated.

The Gen stages typically overwhelm the Sum stage in ex-
ecution time due to their sequential nature of reading the
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entire pre-trained weights per generated (output) token. Fig-
ure 2 shows the percentage of time taken by the Gen stages
over the total execution time for various combinations of L;,
and Loy, in the GPT-3 175B model. We performed the experi-
ments with our in-house simulator assuming the peak FLOPS
(2.5 PFLOPS) and maximum memory bandwidth (26.8 TB/s)
of the NVIDIA DGX A100 with 640GB of HBM3 (DGX).?
When both L;, and L,,; are 32, the Gen stages consume
more than 96% of the total execution time. Even if L;;, is
2,048, the longest Sum stage in our configuration, and Lo,
is 128, the percentage of Gen stages also exceeds 85%. This
trend can also be confirmed by prior works [23, 69] studying
GPT-2. We focus on the Gen stages hereafter.

3 Benefits and Limits of Batching for TbGM

In this section, we first analyze the benefits of batching for
GPT on the DGX system, a representative platform for serv-
ing large TbGMs. Then, we identify the limitations of the
DGX system on large batch sizes while processing the atten-
tion layer. We use the latest batching technique (i.e., iteration-
level scheduling [66]), where a new request is added to the
batch whenever a request is completed. Such a technique
can eliminate the idle time of early completed requests even
when the number of stages (Lo, ) is different for each request.

3.1 Benefits

For the FC layer of TbGM inference, batching increases
the reusability of the weight matrices; it improves both
the throughput and energy efficiency. Specifically, batching
transforms the FC layer from a GEMV to GEMM operation
through weight sharing. Once the weights are read from the
off-chip memory, all the requests in a batch can reuse the
weights, improving the arithmetic intensity (see Figure 3)
or operation per byte (Op/B). Thus, even when the FC layer
of multiple requests in a batch is processed simultaneously,
only the throughput increases while the execution time stays
nearly the same. Moreover, off-chip memory access for the
weight matrices is also saved, decreasing the overall energy
consumption. Figure 4(a) and (b) represent the throughput
(generated tokens per second) and energy consumption. For
all three configurations of L,,; with L;;, of 2,048, an increase
in batch size leads to an improvement in throughput and a
reduction in energy consumption.

3.2 Limitations

Despite the benefits of batching for the FC layer, the atten-
tion layer gives new challenges as the batch size (the number
of requests per batch) increases. As the size of KV matrices
scales with batch size, it can exceed the memory capacity
of conventional platforms. Notably, the attention layer uses
distinct, request-specific KV matrices whose sizes also grow

2All of our analyses and evaluations are based on a system where the GPU
memory is replaced with HBM3 in the original DGX-A100.
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Figure 3. Roofline model of the baseline for the Sum stage
and the first Gen stage of GPT-3 175B when L;, is 2,048. The
dots for the attention layer are located at the same point
regardless of the batch size.

proportionally to sequence length. The number of elements
of KV matrices is 2X (Ljp+Loy; ) Xdemp per decoder, resulting
in 2XNgeeX(Lin+Lout )Xdemp per request. For example, the size
of KV matrices in the GPT-3 175B model using FP16 with
(Lin, Louz) of (2,048, 2,048), is 18GB per request; thus, the re-
quired memory capacity for a batch size of 64 is about 1.5TB,
including 326GB of weights and 1,152GB of KV matrices,
which is much larger than DGX’s 640GB memory capacity
(see Figure 4(a)).

Even if the memory capacity constraint is resolved, the
attention layer limits the overall batch size under the SLO
constraint. As batching does not improve the throughput
of the attention layer, the execution time for processing a
batch increases with the batch size. That is, when the SLO is
fixed, the maximum batch size is limited due to the attention
layer. For example, Figure 4(c) shows that the attention layer
can account for more than half of the total execution time
when the batch size is 64. In fact, the output token generation
latency of a batch size of 64 rises to 80ms, which violates a
reasonably set 50ms SLO of GPT-3. Batch sizes close to 16
are necessary to adhere to this latency constraint.

Further, the attention layer has a low arithmetic intensity
regardless of batch size (see Figure 3). The primary operation
of the attention layer in the Gen stage is the GEMV of the
score and context operations, exhibiting a low Op/B (~1).
Unlike the FC layer, the attention layer still has memory-
intensive GEMV operations even after batching because each
request uses unique KV matrices, as explained in §2. Thus,
the computing units of DGX are mostly idle for the attention
layer, even with batching. As shown in Figure 4(c), the GPU
utilization increases due to the improved arithmetic intensity
of the FC layers. However, even when the batch size reaches
256, the utilization remains below 20% because of the sub-
stantial time spent on the attention layer. To sum up, the
attention layer does not benefit from large batching and also
constrains the batch size on conventional platforms, which
in return even degrades the throughput of the FC layer.
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Figure 5. The overall heterogeneous computing platform
with xPUs and AttAccs.

3.3 PIM for Attention Layers

To overcome these limitations, we may scale out the conven-
tional system to increase the total memory bandwidth. While
scaling out can increase the attention layer throughput, such
an approach is less efficient due to low utilization of com-
pute resources and large amounts of off-chip data movement.
Instead, we propose to use a processing-in-memory (PIM)
architecture that exposes the abundant internal bandwidth
to processing units (PUs) closer to the memory.

The acceleration of the attention layer is a compelling ap-
plication for PIM architecture because of two reasons. First,
the KV matrices of the attention layer can be written to
DRAM by the Sum stage only once, using the DRAM exter-
nal (off-chip) bandwidth. Then, it can be read multiple times
by the Gen stage, leveraging the DRAM internal (on-chip)
bandwidth. Although KV matrices must be updated for each
Gen stage, the appended vector is small. Second, the GEMV
operation is a reduction operation. That is, the sizes of input
and output data that traverse the off-chip interface are small,
while the large KV matrices stay in DRAM without consum-
ing the external bandwidth. The Nj.,q GEMV operations of
the score and context operations have (input, K/V matrix,
output) size of (1Xdemp, LXdemps Npead X L) and (Npeqq X L,
LX demp, 1X demp), respectively. Thus, the ratio of the input
and output data over KV matrices, i.e., the ratio of the ex-
ternal to internal bandwidth consumption, corresponds to
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(demp+NheaaXL) [ (LXdemp). This ratio reaches up to 1/128
for GPT-3 with 175B weights, having a d,,; of 12,228, an
Npeaa of 96, and an L greater than or equal to 2,048.

4 TbGM Accelerator Architecture

In this section, we propose a heterogeneous computing plat-
form to accelerate TbGM, which ameliorates the inefficien-
cies of conventional computing platforms (see Figure 5).
High-performance compute units (xPUs) such as GPUs or
TPUs [28] handle batched FC layers. AttAcc, leveraging the
high bandwidth memory (HBM)-based PIM architecture,
aims to accelerate the attention layer. Commercial high-
bandwidth interconnects, such as PCle, NVLink, or CXL [11],
bridge AttAccs with the xPUs. We perform two design space
explorations regarding the architecture of AttAcc; i) where
to put the processing units and ii) how to lay out the data.
The implementation details of AttAcc such as processing unit
microarchitecture, control unit operation, and programming
model are provided in §5.

4.1 Architecting PIM for AttAcc

We explore the design space of AttAcc based on the 8-Hi
HBMS3 [26]. 8-Hi HBM3 (hereafter HBM) consists of eight
DRAM dies and a buffer die that are 3D stacked using through
silicon vias (TSVs) (see Figure 6). A group of four DRAM
dies constitutes a rank. A DRAM die is composed of eight
pseudo channels (pCHs) that operate independently, and
each pCH comprises sixteen banks grouped into four bank
groups (BGs). When a read command is issued to HBM, the
data from DRAM cells travels to the buffer die through the
local I/O of the bank, BG bus, global bus (GBUS), and TSVs,
and then moves to the outside of HBM through the PHY.

AttAcc has two different processing units of GEMV unit
and softmax unit. Upon the aforementioned basic HBM struc-
ture, we quantify the performance, energy consumption, and
area overhead tradeoffs of placing the two processing units
at different memory hierarchies.



ASPLOS 24, April 27-May 1, 2024, La Jolla, CA, USA

Il: GEMV unit (AttAcc, ) pCH pCH pCH Pseudo channel (pCH)
I GEMV unit (AttAccgg) | - Bank 0
B GEMV unit (AtACC,,) /] < [ | < | m <|o| o]
— |o|olo|o olo Bank 1
' |a|o|a|a o|a a
fSy's Bank 2
1 - [ -]
! TSVs and periphery Bank 3
|
B olajo|a oo ]
2121212 219 GBUS GBUS]]
DRAM die \ Bank 8 Bank 12
- \ =
P PHY \ | Bank9 Bank 13
\
| [ Bank 10 Bank 14
_________ -]
HBM Buffer die | Bank 11 Bank 15

Figure 6. The HBM architecture and GEMV unit placement
for AttAccpyfrer, AttAccgg, and AttAccpank in HBM.

GEMYV Unit Placement: Where to locate the processing
units for GEMV (GEMV units), whether i) per pseudo-channel
at the buffer die (AttAccpyfrer), 1i) per bank group (AttAccpg),
or iii) per bank (AttAccpank) at the DRAM die, significantly
impacts performance, energy consumption, and area over-
head (see Figure 6 and 7). Placing the GEMV unit deeper in
the HBM hierarchy increases the aggregate internal band-
width and reduces energy consumption due to shorter data
travel distances. However, it leads to higher area overhead as
more GEMV units are employed and uses a DRAM fabrica-
tion process instead of a logic process. There is also an upper
limit to the exploitable internal bandwidth due to HBM’s
power constraint. We calculate the HBM power budget using
the loop pattern of all-bank interleave read current (IDD7)
defined by JEDEC [26]. We assume that the buffer die of HBM
leverages a logic process that offers better performance and
area efficiency than a DRAM process [30, 48].

First, AttAccpysrer allocates a GEMV unit per pCH at the
buffer die, with an accumulator that aggregates the results
from different pCHs. This allows for full utilization of the
pCH data path (TSVs). AttAccpyfrer can exploit the logic pro-
cess for the GEMV unit, allowing for a small area overhead.
However, as the HBM I/O bandwidth is identical to the aggre-
gate bandwidth the GEMV units can exploit, the performance
benefit from PIM is nonexistent. Further, because data has
to traverse all the way from DRAM cells to the buffer die,
there exist little energy benefits.

Second, AttAccgg allocates GEMV units at the GBUS con-
troller (GBUS CTRL) on a DRAM die, and puts accumulators
on a buffer die to gather the data from different bank groups.
AttAccpg can exploit the internal bandwidth, which is higher
than the external bandwidth by a factor of (#_of ranks x
#_of_BGs_per_pCH). Considering that the GEMV unit in
AttAccpg can read data per tCCDL (delay between two con-
secutive read commands to the same BG), which is longer
than tCCDS [26], AttAccpg can achieve 4x higher internal
bandwidth than external bandwidth for HBM. The energy
overhead also decreases as the amount of data that traverses
TSVs and I/O PHY is reduced. Still, as the BGs that operate
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concurrently put pressure on the power budget, there is a
limitation on the number of GEMV units that can simultane-
ously run (e.g., 6 GEMV units per pCH for HBM3). Moreover,
because GEMYV units are populated more and implemented
using a DRAM process, the area overhead is aggravated.

Lastly, AttAccpank allocates the GEMV unit per bank close
to the column decoder, and the hierarchical accumulators
gather data at the GBUS CTRL per BG, and at the buffer die
per pCH. AttAccpank can populate more GEMV units than
AttAccpg by the amount proportional to the number of banks
per BG (e.g., 4). However, AttAccpank is more prone to the per-
formance penalty due to the time for activating/precharging
DRAM rows compared to AttAccpg. It is because each GEMV
unit reads data only from one bank; thus, time for acti-
vating/precharging rows cannot be hidden across multiple
banks within a single GEMV unit. Meanwhile, the number
of GEMV units that can concurrently operate within the
HBM power budget increases compared to AttAccgg because
data traverses a shorter distance, consuming less power (see
Figure 7(b)). For example, 18 GEMV units with an internal
bandwidth of 9x the external bandwidth can run simultane-
ously per pCH for HBM3 under the same power constraint.
In this case, the time to activate/precharge a row in a bank
can be hidden by the time to read data from other banks
that are not operating simultaneously. The area overhead
increases, as more GEMV units are employed, which again
uses a DRAM fabrication process.

Among the three options, we choose AttAccpank as our

choice taking all three performance, energy, and area over-
head into account, under the power constraint (see Figure 7).
While the experimental details are provided in §7.1, Fig-
ure 7(d) shows the energy-delay-area product (EDAP) of
each design. Across all tested TbGMs (LLAMA, GPT-3, and
MT-NLG), there exists ample parallelism all GEMV units can
exploit, resulting in a high performance and energy advan-
tage of AttAccpank. As the area overhead increase is limited
to 10.84%, AttAccpank demonstrates superiority.
Softmax Unit Placement: We choose to place the softmax
unit at the buffer die of each HBM for the following reasons.
First, locating the softmax unit at the buffer die eliminates
unnecessary data transfers. As the softmax unit collects all
the output data from GEMYV for score operation (GEMVcore)
and feeds the input data to GEMV for context operation
(GEMV ontext), positioning them deeper in the hierarchy re-
sults in unnecessary and complex transfer between BGs or
banks of a different die.

Second, placing the softmax unit deeper in the HBM hier-
archy is overkill in the total number of units and provisioned
bandwidth. The maximum number of softmax units is the
total number of heads because a softmax unit should handle
at least one head as a whole to eliminate unnecessary data
movements. However, the total number of BGs or banks is
typically higher than the number of heads. For example, the
maximum number of softmax units is 4,800 for 96 heads and
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a batch size of 50 (GPT-3 175B with 2,048 L and 1,280GB
of memory). By contrast, the total number of banks operat-
ing in parallel for AttAccpank with 40 8-Hi HBM3 is 40,960.
Moreover, in terms of required bandwidth, the ratio of data
needed for softmax and GEMV is Npegd/demp (e.g., 1/128) as
explained in §3.3. Because the buffer die of 8-Hi HBM3 can
provision 1/9 of the AttAccpank aggregate internal bandwidth,
it is enough to place the softmax units on the buffer die.

Lastly, using a DRAM process for the softmax unit can be
burdensome due to its relatively complex processing units
(Figure 9(c)) and the requirement for large SRAM buffers
to store intermediate vectors. Assuming that the DRAM
process is 10X less dense than the logic process [12], the area
of the softmax unit would reach 63.4mm? for a 1z-nm DRAM
process (details in §5.1).

4.2 Exploring Data Mapping for AttAcc

Mapping of the KV matrices can be decided hierarchically
at multiple levels; i) HBM level, ii) pCH, bank group, and
bank level, and iii) GEMV unit multiplier level. First, we map
each head to one HBM, while multiple heads can be mapped
to a single HBM regardless of which request it belongs to
(see Figure 8(a)). This mapping is possible because, as long
as the KV matrices that belong to the head i (henceforth
KIT and V;) and the appropriate Q vector are located in that
HBM, GEMV ore/GEMV context Of the head can be executed
independently. Such head-wise mapping eliminates unnec-
essary data transfer between the HBMs. As the size of each
KT/V; is different per request, dependent on L, load imbal-
ance between HBMs may occur. Each head of a new request
is greedily allocated to the HBMs in a way to minimize such
imbalance. The allocation is conducted at the Sum stage.
Then, at every pCH, bank group, and bank, each K /V; can
be partitioned either row-wise or column-wise. As shown in
Figure 8(b), two methods impact the amount of data transfer
and the exploitable degree of parallelism. First, row-wise
partitioning reduces the amount of input vector data transfer
while column-wise partitioning minimizes the output vector
data transfer. As broadcasting the identical input vector to
multiple bank groups and banks is possible via a multi-drop
bus of the current DRAM structure [22], reducing the output
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vector data transfer is more reasonable. Second, the degree of
parallelism depends on the number of rows/columns for row-
wise/column-wise partitioning, respectively. Considering
large L, the shape of V; and KlT is LXdpeqq (dimension of a
head) and djeqqXL, respectively. dp,qq is typically not large
enough to provide the degree of parallelism to fully utilize
all GEMYV units. For example, the number of columns in V; is
dheaq (128 for GPT-3 175B), which is much smaller than the
1,024 GEMYV units in an 8-Hi HBM3 of AttAcc. In such a case,
we can use row-wise partitioning instead, having L degree
of parallelism. Partitioning types can be chosen differently
at each level of pCH, bank group, and bank.

Lastly, at the GEMV unit multiplier level, we choose to use
row-wise partitioning for KLT and column-wise partitioning
for V; (see Figure 8(c)). This strategy is to prevent the possible
load imbalance between the multipliers caused by the KV
vectors appending on the KV matrices at every Gen stage.
For example, if the KIT matrix is partitioned column-wise,
the appended 1 X dpeqq column vector must be sequentially
processed by one multiplier, resulting in a load imbalance
with the other multipliers.

In summary, we choose i) the row-/column-wise partition-
ing for KlT /V; at the multiplier level, ii) for (pCH, BG, bank),
(column, column, row)-wise partitioning for GEMVscore/KiT
and (row, row, column)-wise partitioning for GEMV context/ Vi,
and iii) head-wise partitioning at the HBM level.

5 AttAcc Implementation

In this section, we provide the microarchitectural details
of AttAcc components, e.g., the GEMV unit, softmax unit,
accumulator, and AttAcc controller. Also, we introduce the
programming model of AttAcc and the detailed execution
flow of TbGM inference under our heterogeneous computing
platform composed of xPUs and AttAccs.

5.1 AttAcc Component Microarchitecture

GEMY Unit: The GEMV unit reads data from DRAM cells
and processes score and context operations. Each GEMV
unit consists of 16 FP16 multipliers, 16 FP16 adders, double-
buffered 16 256-bit buffers that can store the input vectors,
and a control unit. As discussed in §4.2, the multipliers in the
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GEMYV unit can take either row- or column-wise partitioning
for KI and V;. The adders operate as an adder tree for row-
wise partitioning and as an accumulator for column-wise
partitioning. We adopt multiplexers at the input of each
adder, allowing the time-multiplexing of the adders.
Softmax Unit: The softmax unit in a buffer die consists of
256 FP32 exponent units, 256 FP32 adders, 256 FP32 multipli-
ers, a comparator tree, an adder tree, and an FP32 divider (see
Figure 9(c)). The number of arithmetic units is configured
to match the throughput of GEMV units. The softmax unit
also has a 512KB buffer that can store the input and out-
put of the softmax operation. The softmax unit operates in
three pipeline stages; maximum value calculation, exponent
calculation, and normalization.

Accumulator: In the case of row-wise partitioning at the
pCH/BG/bank, accumulators are employed to aggregate and
reduce the partial results from different GEMV units. The
accumulators are located hierarchically between the GEMV
and the softmax units, per BG on the DRAM die and per
pCH on the buffer die. For example, when row-wise parti-
tioning is employed for the V; matrix at the bank, the per-BG
accumulators reduce the partial result. Such a reduction op-
eration at the accumulator decreases the amount of overall
data transfer. The accumulator at each hierarchy is simply
bypassed when a column-wise partitioning is used.

AttAcc Controller: The AttAcc controller consists of an
I/O module, a direct memory access (DMA) engine, an in-
struction queue and decoder, config memory, and multiple
HBM controllers (see Figure 9(a)). AttAcc receives instruc-
tions for the attention layer (henceforth Att_inst), where
each has a one-to-one corresponding AttAcc API function.
Att_insts are decoded to trigger i) operations for an attention
layer through HBM controllers, ii) data transfers between
the AttAcc and xPUs, or iii) modify the config memory. The
HBM controller, one per HBM, generates DRAM or PIM
commands for each channel and performs score, softmax,
and context operations for each request. The data transfer is
supported by the DMA engine. Config memory stores Njeqq,
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dhead, maximum L, information about KV matrix mapping
(row-wise or column-wise) at each memory node level, batch
size, and L of each request within the batch.

PIM commands issued to the HBM include the ones for
metadata setup and data movement. PIM_SET_CONFIG writes
the partitioning information of the KV matrices to the GEMV
units. PIM_ACT_AB performs row activation of the same ad-
dress in all banks, similar to prior works [36, 37]. PIM_MAC_AB
executes the multiply-accumulate (MAC) operations in all
banks while reading necessary data from DRAM cells and
GEMYV buffers. PIM_SFM executes the softmax operation in-
cluding the computations such as finding maximum, sub-
traction, and exponential. PIM_WR_GB writes data to a GEMV
buffer. PIM_MV_GB moves the output data from the GEMV
unit to the softmax buffer. Similarly, PIM_MV_SB moves the
result from the softmax unit to the GEMV buffer. PIM_RD_SB
reads the final results of a context operation from a softmax
buffer. All PIM commands are implemented as RFU (reserved
for future use) commands. They are issued through a stan-
dard HBM command path, similar to DRAM commands.

5.2 Programming Model and Execution Flow

Programming Model: AttAcc employs a heterogeneous
computing programming model, similar to CUDA [40] and
OpenCL [60]. The host offloads the attention layers of a Gen
stage to AttAcc using AttAcc API with the support of AttAcc
run-time device driver. The control registers and config mem-
ory of AttAcc are exposed to the host as memory-mapped
I/O. The rest of the HBM memory of AttAcc can only be
accessed by others through the AttAcc API functions with
the support of the driver and DMA engine.

Each AttAcc API function sends a corresponding Att_inst
to an AttAcc controller. To be more specific for each AttAcc
API function, AttAcc:SetModel and AttAcc::UpdateRequest
initialize the config memory. AttAcc::MemCopy moves data
between AttAcc and xPUs through DMA with the support
of the AttAcc driver. The specific method of communication
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Figure 10. The execution flow of TbGM inference in a het-
erogeneous computing platform including xPUs and AttAccs.

between the two can vary depending on the type of inter-
connect (e.g., P2P [56] for PCle). AttAcc::RunAttention, one
for each attention head, instructs the AttAcc controller to
initiate the attention operation.
Execution Flow: The execution flow of TbGM inference
in a heterogeneous platform including xPUs and AttAccs is
as follows (Figure 10). Initially, the host sends model con-
figuration and request information to the config memory
in the AttAcc controller through AttAcc::SetModel and At-
tAcc:UpdateRequest. In the Sum stage of each head, the
host offloads all operations to the xPUs and executes At-
tAcc::MemCopy to transfer KV matrices to AttAccs whenever
they are generated in the xPUs. AttAcc::Memcopy accompa-
nies arguments including the xPU memory address for the
KV matrix, the AttAcc memory address, the data size, and the
direction of movement. These are repeated for all decoders.
In the Gen stage of each head, the host first offloads the
QKV generation layer to xPUs. Then, the host transfers the
K and V vectors, the output of the QKV generation layer,
to the AttAccs by AttAcc:MemCopy. The Q vector is simi-
larly transferred to the AttAccs through AttAcc:MemCopy,
but with setting the target address to the GEMV buffer ad-
dress in the AttAcc memory space. After the QKV vectors
are transmitted, the host executes AttAcc::RunAttention to of-
fload the attention layer to the AttAccs. AttAcc::RunAttention
accompanies arguments including the AttAcc memory ad-
dress offset of the head to be processed. During the attention
layer, the host transfers the output vectors to xPUs through
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Figure 11. The timing diagrams for processing Gen stages
in the heterogeneous computing platform consisting of xPUs
and AttAccs with attention-level, head-level, and head-level
pipelining and feedforward co-processing.

AttAcc:MemCopy with setting the direction of movement
to xPUs. These are repeated for all decoders similar to the
Sum stage and also repeated for the L,,; stages. When a
new stage begins, the host performs AttAcc::UpdateRequest,
which deletes the information of the completed request with
generating an end-of-sequence token, and increases L by
one for the remaining requests in the config memory.

6 Maximally Utilizing AttAcc

6.1 Pipelining

Attention-level Pipelining: Within a single attention layer
performed by a single HBM, the GEMV and softmax opera-
tions can be pipelined with a caveat that more than or equal
to two heads are scheduled to the HBM. For instance, while
the softmax operation of a head (e.g., head 0) is performed on
the buffer die, GEMVore operation for a different head (e.g.,
head 1) can take place on the GEMV unit (see Figure 11(a)).
Head-level Pipelining: We propose a head-level pipelining
of FC and attention layers to maximize the utilization of both
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xPUs and AttAccs, thus decreasing the total execution time of
a single batch. Without such a pipelining, xPUs and AttAccs
remain idle during the attention and FC layer, respectively, as
the Gen stage or even the decoder itself operates sequentially,
necessitating the previous stage’s output as its input.

To avoid such an underutilization, we can exploit the two
properties: i) xPUs typically exploit tiling for the FC layer
due to limited on-chip cache capacity, and ii) AttAccs sched-
ule the attention layer in a head granularity. Considering
that the size of the total weight matrix easily surpasses the
on-chip SRAM capacity, it is reasonable for xPUs to keep
only a portion of the weight matrix. Consequently, during
the QKV generation layer, only a limited number of attention
head inputs will be generated in xPUs at a time, instead of
the whole input generated at once (see Figure 12(a)). The
same goes for the projection layer, which consumes only
a portion of attention head outputs at a time. For example,
for a batch size of 128 requests, an xPU can generate 128
inputs for attention heads at a time. Meanwhile, the gener-
ated attention head inputs can be immediately scheduled
as AttAccs schedule the attention layer operation in a head
granularity. Thus, the FC and attention layer execution time
can be overlapped, increasing the utilization of both xPUs
and AttAccs (see Figure 11(b)).

Batch-level Pipelining: Pipelining two or more batches
at a time is indeed a possible option. With two batches in a
Gen stage processed simultaneously, AttAccs can execute the
attention layer of one batch (e.g., batch 0) while xPUs work
on the FC layer of the other batch (e.g., batch 1). However,
while this can effectively overlap the execution time of the
FC and attention layers, such an effect can be nullified by
the decreased size of the batch. To support such batch-level
pipelining, the KV matrices of both batches must reside in
memory. Considering that the capacity requirement of the
KV matrices is already a limiting factor (§3.2), the size of each
batch must be halved. This deteriorates the FC layer through-
put, potentially degrading the end-to-end performance of the
TbGM inference (see Figure 11(c)). Based on the quantitative
analysis, we have concluded that such batch-level pipelining
is more harmful than beneficial in our experimental setting.
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6.2 Feedforward Co-processing

We propose to co-process the FC layers of the feedforward
block on both xPUs and AttAccs. The layernorm operation
between the multi-head attention block and feedforward
block prevents the overlapping of the FC layer with the at-
tention layer, even with the head-level pipelining. While the
FClayers for QKV generation and projection can be pipelined
with the attention layer, the FC layers of the feedforward
block have to wait until all heads of the batch are complete
with the attention layer. Thus, we instead choose to offload
some portion of the FC layers in the feedforward block to
AttAccs, which would otherwise be idle (see Figure 11(d)).

The amount of offloaded FC layers to synchronize the
execution time of both xPUs and AttAccs can be calculated
as follows. The GEMM performance in a batched feedfor-
ward block is bounded by off-chip memory bandwidth un-
less the batch size is extremely large. Thus, the ratio of the
GEMM throughput for the xPUs and AttAccs is BWpys X BS :
BWatiaces X 1, with BS for batch size, BW;pys and BWaitaces
for memory bandwidth of xPUs and AttAccs, respectively.
As BW,pys and BWayaccs are constants, BS defines optimal
partitioning. As the batch size can change depending on L,
we place a partition of a weight matrix on xPUs assuming a
maximum possible BS (minimum AttAcc offload), and place
weight partitions on AttAccs assuming a minimum possible
BS (maximum AttAccs offload). This results in some duplica-
tion of the weight matrix on xPUs and AttAccs, but allows
for flexibility in optimal offloading for various batch sizes.

We choose to partition the weight matrix of FF1 column-
wise and that of FF2 row-wise to avoid unnecessary data
transfer between xPUs and AttAccs. As Figure 12(b) describes,
the output of the FF1 is fed into FF2 as input, with only an
element-wise GELU operation in between. Therefore, our
method of partitioning allows for the output of FF1 executed
in xPUs/AttAccs to stay in xPUs/AttAccs for FF2.

7 Evaluation
7.1 Experimental Setup

We compared a heterogeneous computing platform com-
bining DGX A100 and AttAccs (DGX#AttAccs) with a base-
line DGX-only system (DGXpggse) and the baseline but with
twice the memory capacity (DGX grge)- Both DGXpase and
DGXLarge are composed of 40 HBMs, but their total memory
capacity is 640GB and 1280GB, respectively, which can vary
depending on the HBM configuration and stack height. DGX
and AttAccs in DGX#AttAccs also consist of 40 HBMs each
with a total memory capacity of 1,280GB (same as DGXLarge)
where that of DGX is set to store the weight of the FC layers
and that of AttAccs correspond to the rest. All HBMs used
in the experiments are HBM3 with data rate of 5.2Gbps per
pin. The maximum aggregate internal memory bandwidth
of AttAccs is 242 TB/s, 9% the aggregate memory bandwidth
of DGXpgse considering power constraint.
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We developed an in-house simulator by modifying Ra-
mulator [16, 34, 41] to evaluate the performance and energy
efficiency of GPU systems and AttAcc. The simulator receives
system configuration and model information as input and
outputs the execution time and energy consumption of each
system. We validated our simulator by comparing the per-
formance executed on the actual NVIDIA DGX A100 GPU
for OPT 66B, which is known to perform similarly to the
closed-source GPT-3.%

The energy values and area overhead of each component
are calculated as follows. We designed arithmetic units in Ver-
ilog and synthesized them using Synopsys Design Compiler
with a 7nm predictive process design kit (ASAP7 [10]). The
GEMYV unit and accumulator operate at 666MHz considering
tCCDS (1.5ns) while the softmax units operate at 1.3GHz.
To model SRAM-based buffers, we modified FinCACTI [55]
to match the published information of SRAM [6, 24, 27, 29,
59, 64]. We scaled the area overhead of arithmetic units and
buffers on the DRAM die to the third generation of 10nm
class (1z-nm) DRAM process [47, 53] considering that the
DRAM process is 10X less dense than the logic process of
the same feature size [12]. We referred to activation and read
energy of HBM from the previous work [43]. We calculated

30ur simulator is located at https://github.com/scale-snu/attacc_simulator.
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the read energy inside the DRAM die by scaling with the
datapath length in HBM chip microphotographs [46, 53].

We set LLAMA 65B, GPT-3 175B, and MT-NLG 530B as the
target models with the data type of FP16, FP16, and INTS, re-
spectively. Because the model size of MT-NLG 530B is larger
than the memory capacity of DGXpgse, We experimented
with MT-NLG 530B quantized to INT8 [65]. We used the
average sequence length of requests in a batch for various
configurations of L;,, and L,,,; assuming that enough requests
can be batched. The SLO targets are different for each ser-
vice, while publicly disclosed information is limited. Thus,
we inferred the latency targets per token referring to prior
works [49, 66], and explored the scenarios without the SLO,
and with 30ms, 50ms, and 70ms latency targets.

7.2 Performance of AttAcc

DGX+AttAccs outperforms the conventional system by pro-
viding higher internal aggregate memory bandwidth with
the PIM architecture. Figure 13 describes the normalized
execution time of DGXpase, DGXparge, DGXiAttAccs, and
DGX+AttAccs with optimizations for various models and se-
quence lengths to process 10,000 requests. DGX+AttAccs out-
performs DGXpgse and even DGX] 4rge, Which supports the
same batch size as DGXAttAccs in throughput, by 4.84x and
2.48x, respectively, due to significantly accelerating the at-
tention layer by the proposed PIM architecture.

Head-level pipelining and feedforward co-processing fur-
ther improve the end-to-end performance of DGXtAttAccs.
Compared to the naive DGXtAttAccs, DGX+AttAccs with head-
level pipelining achieves an end-to-end performance im-
provement of up to 1.15X. Feedforward co-processing shows
an additional improvement up to 1.10X. When combined,
DGX+AttAccs with head-level pipelining and feedforward
co-processing achieves performance improvement of up to
3.49% (2.81x), 3.91x (2.39x), and 5.93% (2.01x) over DGXpqse
(DGXLarge) for LLAMA 65B, GPT-3 175B, and MT-NLG 530B,
respectively. Hereafter, DGXtAttAccs refers to DGX#AttAccs
with these two optimizations.
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Figure 15. The normalized energy per output token of DGXpase, DGXLarge, and DGX#AttAccs for LLAMA 65B, GPT-3 175B,
and MT-NLG 530B without SLO. The baseline is DGXpgse, with absolute values in parentheses.

The performance improvement rate of DGX+AttAccs tends
to be higher when the sequence length (L;,+Lo,;) is longer.
Longer sequence lengths increase the size of KV matrices,
reducing the maximum possible batch size. This attenuates
the throughput of both FC and attention layers. In contrast,
the execution time of other layers (e.g., activation and nor-
malization) and communication are rarely affected. Thus, the
proportion of FC and attention layers on the total execution
time of TbGM inference increases (see Figure 13). Because
DGXiAttAccs accelerates both FC and attention layers com-
pared to DGXpgse, the improvement ratio increases when
the sequence length is longer.

We interpret the performance improvement of DGX:AttAccs
over DGXpgse to be primarily from the acceleration of the at-
tention layers for relatively small models (e.g., LLAMA 65B)
and the acceleration of the FC layers for large models (e.g.,
MT-NLG 530B). When the model size is small, even DGXpgge
enables large batch sizes achieving high FC layer throughput.
This means that the attention layer acceleration by AttAccs
becomes more noticeable. In contrast, when the model size
is large, the batch size and FC layer throughput differences
are more prominent. For example, the available memory
capacity for KV matrices changes from 510GB in DGXpgse
to 1,150GB in DGX#AttAccs for LLAMA 65B (2.3%), while it
changes from 146GB in DGXpgse to 786GB in DGX+AttAccs
for MT-NLG 530B (5.4%). The ratios of change in memory
capacity translate to batch size and FC layer throughput.

7.3 Performance under Service-Level Objective (SLO)

When an SLO is imposed, DGX+AttAccs can achieve further
throughput improvement than DGXpyse and DGXparge. Fig-
ure 14 shows the throughput of DGXpuse, DGXLarge, and
DGXiAttAccs for GPT-3 175B considering various SLOs. The
batch sizes in DGXpgse and DGX1qrge are limited by the SLO
instead of memory capacity, especially when the SLO is tight.
For example, when the SLO is 30ms for GPT-3 with L;,/Loy;
of 2,048, the batch size of DGX[44e is limited to only 1, al-
though there is enough memory to accommodate a batch size
of 48. DGX+AttAccs accelerates the attention layer, thereby
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relieving the batch size constraints caused by SLO and im-
proving the performance. Overall, the tighter the SLO, the
greater the throughput improvement of DGX+AttAccs. (e.g.,
56x than DGXJqrge With a SLO of 30ms).

7.4 Energy Efficiency

DGXiAttAccs achieves higher energy efficiency than DGXpgse
and DGXLqrge (see Figure 15). First, due to the larger batch
size than DGXpgse, the weight reusability of FC layers in-
creases, reducing the number of off-chip memory accesses.
Second, the energy consumption of the attention layer is re-
duced because of the memory access energy reduction of the
PIM architecture, comparing to both DGXpgse and DGX1arge-
As a result, the energy consumption of DGX+AttAccs is re-
duced by up to 66.7% (62.6%), 65.9% (48.8%), and 66.8% (29.1%)
compared to DGXpase (DGXrarge) for LLAMA 65B, GPT-3
175B, and MT-NLG 530B, respectively.

The longer the sequence length, the larger the energy
consumption reduction of DGX+AttAccs. As the sequence
length increases, both the attention layers and the FC lay-
ers incur more memory accesses due to larger KV matrices
and smaller batch sizes, respectively. Thus, the proportion
of DRAM energy consumption in total energy consump-
tion increases, and the effect of AttAccs to reduce DRAM
energy becomes more prominent. The energy reduction over
DGXpgse is more pronounced in the attention layer for a
smaller model and in the FC layer for a larger model.

7.5 Sensitivity Study of Lower Bit-Width

Even for models with reduced bit-width, AttAcc shows up to
3.47x and 2.59% performance improvement over DGXpgse
and DGX qrge, respectively (see Figure 16). As the bit-width
decreases, DGXpgs. can take a larger batch size for TbGM
processing. For the larger batch size, the portion of execution
time for the attention layer is increased on the DGXpgse. The
performance of AttAcc compared to DGXpgse decreased due
to the decreased gain of increased memory capacity, but the
performance of AttAcc compared to DGX 4r¢. increased due
to the increased gain of high aggregate memory bandwidth.
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Figure 16. The performance improvement of DGX+AttAccs
over DGXpgse and DGXpgrge for GPT-3 175B when the
data types of both embedding vectors and weights are half-
precision floating point (FP16) or 8-bit integer (INT8).

7.6 Comparison with Other DGX Options

DGX#AttAccs outperforms the DGX system that executes
the attention layer in CPUs (DGX¢py) and the DGX system
with twice as many GPUs as DGXpgse (2XDGX) (see Fig-
ure 17). DGXcpy encompasses large CPU memory, which
enables increased batch size in a single DGX system, leading
to an improved FC layer throughput. However, the limited
memory bandwidth of the CPU deteriorates the attention
layer throughput, resulting in even a lower performance than
DGXpgse- Scaling out DGX can be another option. 2xDGX
can achieve higher FC layer throughput than DGX:AttAccs
because it increases the memory capacity and aggregate
memory bandwidth for the FC layer. However, the aggregate
bandwidth for the attention layer is 4.5 smaller than that of
DGXiAttAccs. Even for the FC layer, the communication cost
is aggravated as the number of distributed processing nodes
increases. Moreover, 2xDGX is expensive and underutilized
because most of the computing resources are still idle in the
attention layer. As a result, DGX+AttAccs shows up to 1.72x
higher throughput than 2xDGX.

7.7 Area Overhead

The total area overhead of processing units in an HBM for
AttAcc is 13.12mm? per DRAM die and 1.40mm? per buffer
die. The area overhead per DRAM die corresponds to 10.84%
of a 121mm? HBM3 [46, 53].* Specifically, there are 16 GEMV
units and 4 accumulators per pCH as shown in Figure 6
and the area overhead of each GEMV unit and accumulator
implemented in a 1z-nm DRAM process is 0.094mm? and
0.036mm?, respectively. In the GEMV unit, the area ratios
of arithmetic units, buffers, and control logic are 63%, 14%,
and 23%, respectively, while most of the accumulator’s area
overhead is attributed to the arithmetic units.

The control unit of the GEMV unit is simple and its area
is relatively small as it only needs to process specific GEMV,
unlike previous works [36, 37] that support more general
operations. Conservatively assuming the area of our GEMV
unit to be that of the similar PIM unit reported in previous

4 Assuming GEMV units and accumulators that support the accumulation
of full-precision floating point, the area overhead is 14.59% per DRAM die.
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Figure 17. The normalized throughput of DGXpgse,
DGXcpy, 2XxDGX, and DGX#AttAccs for GPT-3 175B.

works [36, 37], the area overhead per DRAM die is about 25%.
The area overhead of the softmax unit and accumulator on
the buffer die, which is implemented in a 7nm logic process,
are 1.38mm? and 0.02mm?, respectively. Most of the softmax
unit’s area overhead is attributed to the large buffers.

8 Discussion

Grouped/Multi-Query Attention: Multi-Query Attention
(MQA) [57] shares KV matrices among all the heads, increas-
ing the reusability and reducing the capacity requirement
for the matrices. More recently introduced Grouped-Query
Attention (GQA) [1] generalizes MQA and Multi-Head At-
tention (MHA, which is the default model and our primary
target) by making a group of heads share a KV matrix pair.
AttAcc provides performance and energy efficiency gains
for the attention layer by taking higher aggregate bandwidth,
but as the group size of GQA increases (closer to MQA), the
benefit of AttAcc diminishes. It is because, unlike AttAcc, the
baseline GPU system can exploit the reusability of KV matri-
ces with its on-chip cache and abundant compute resources.
If we configure AttAcc’s GEMV unit into a systolic array
at a higher area cost, AttAcc can still achieve a competitive
performance gain even for large group sizes by reusing the
KV matrices while taking aggregate bandwidth.
Bulk Bitwise Computation: Bulk bitwise computation in
DRAM [2, 14, 19, 38, 54, 69] is one of the attractive options
for PIM architecture. They can provide massively parallel
logic operations such as bitwise XOR/XNOR in the granu-
larity of the DRAM row. It also incurs low area overhead
due to minimal modification of DRAM microarchitecture.
Although bit-serial computation would incur impractically
long latency for floating-point operations, INT8 quantization
applicable to TbGMs [18, 65] can be processed swiftly.
However, even when INT8 quantization is applied, bulk
bitwise operations still do not outperform bank-level paral-
lelism in the multiplication dominant attention layer. Single
INT8 multiplication takes about 20us; it requires about a
hundred logic operations [63], which translates to 400 AAP
(activate-activate-precharge) commands [2, 54]. As a result,
8,192 multiplications per bank are performed during 20us,
which can be amplified by subarray-level parallelism [7, 33].
In the case of bank-level parallelism, up to 32 INT8 multi-
plications can be performed every tCCDL (3ns) per bank,
which corresponds to approximately 200,000 multiplications
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during 20us. Moreover, bulk bitwise operations can incur
higher power consumption than bank-level parallelism due
to continuous row activation and subarray-level parallelism.
The Implication of AttAcc on Training: Most of the train-
ing processes of TbGM, such as pre-training, are compute-
intensive, making it difficult to accelerate with AttAcc. For
example, the token to be generated is already known during
pre-training. Therefore, in the forward pass of pre-training,
(Lin+Loys-1) tokens are processed concurrently in the atten-
tion layer with diagonal masking, making the operations
compute-intensive. Meanwhile, AttAcc can be utilized in
training that does not know which tokens to be generated,
such as fine-tuning from human preference. Instead of learn-
ing through pre-given answers, fine-tuning from human pref-
erence generates a token and evaluates the whole sentence,
including the generated token at each stage. This type of
training entails memory-intensive generation stages, which
are suitable for acceleration by AttAcc.

9 Related Work

Transformer Accelerators: TransPIM [69] accelerates end-
to-end Transformer models with token-based data mapping
and HBM-based PIM architecture. However, it targets a rela-
tively small Transformer model (e.g., GPT-2) without batch-
ing. For a large model (e.g., GPT-3) with batching, end-to-end
acceleration by PIM architecture is inefficient due to FC lay-
ers that require high computing power. Moreover, adopting
only token-based data mapping can result in performance
degradation due to the lack of the degree of parallelism of
the attention layer as analyzed in §4.1. StepStone PIM [8]
accelerates GEMM by enabling independent PIM execution
on the CPU with address-mapping-aware GEMM blocking
and unique address generation. However, StepStone does not
address the TbGM inference with large batch sizes, where
the GEMV of the attention layer becomes crucial.

There have been many works that have proposed accel-
erating the transformer model through pruning or quanti-
zation. A3 [20] and ELSA [21] propose an algorithm that
approximates the attention mechanism and an accelerator
for it, focusing on the characteristic that small values among
the outputs of the score operation approach near zero after
the softmax. With the same motivation, SpAtten [62] and
Sanger [39] proposed a method of pruning the output of score
operation and proposed an accelerator for this. FACT [50]
proposed eager prediction and mixed precision to optimize
not only the attention layer but also the QKV generation
and feedforward layers. GOBO [68] and Olive [18] proposed
the quantization of weights and embedding vectors and an
accelerator for this. Meanwhile, DFX [23] proposed a multi-
FPGA accelerator to accelerate TbGM end-to-end losslessly
and proposed a model parallelism methodology and opti-
mized dataflow. However, these prior works for transformer
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acceleration mainly aimed at reducing latency and did not
consider the large batch size or large model size.
Processing-In-Memory: There has been a large body of
prior works executing computation closer to DRAM to ex-
ploit higher aggregate bandwidth and reduce data move-
ment [2-4, 8,13-15, 17, 19, 22, 25, 31, 32, 35-38, 45, 54, 58, 67].
To the best of our knowledge, AttAcc, which extended [9], is
the first PIM architecture that accelerates a large ThbGM with
batching focusing on the attention layer. HBM-PIM [36] is
the first PIM designed by a major DRAM manufacturer com-
patible with a JEDEC standard DRAM interface. It has rein-
vigorated development interests in commercial PIM devices
since its introduction. Nonetheless, it needs to demonstrate
its superior efficiency over conventional platforms for highly-
demanding commercial applications, such as TbGM. Thus,
one of the key contributions of this paper is to demonstrate
the potential of such a PIM architecture for TbGM.

10 Conclusion

We have analyzed the impact of batching for transformer-
based generative models and identified the growing impor-
tance of the attention layer in the trend with increasing
model sizes and sequence length. The conventional serv-
ing platforms, such as GPUs, are suboptimal for large batch
sizes having stringent memory capacity and bandwidth re-
quirements in processing the attention layer under a tight
service-level objective. We proposed AttAcc, an accelerator
for the attention layer, composed of processing-in-memory
devices exploiting the characteristic that the external band-
width requirement is far less than the internal bandwidth
requirement for the attention layer. Compared to the mono-
lithic state-of-the-art GPU system with the same memory
capacity, the heterogeneous computing platform combining
GPUs with AttAccs achieved significantly higher throughput
(up to 2.81x) and energy efficiency (up to 2.67x).
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