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Abstract—Heterogeneously integrated SRAM & ReRAM
Computation-in-Memories  (CiMs) are proposed for
Transformer models. The emerging transformer models
including LLMs such as ChatGTP are composed of 1) linear &
FC layers that only read weights of MAC and 2) self-attention
that both reads and writes weights of MAC. To meet these
diverse requirements and achieve compact transformer models
that can be embedded at the edge, this paper proposes
Transformer Hetero-CiM. Proposed Transformer Hetero-CiM
is composed of 1) SRAM CiM for 4-bit Read/Write-MAC Self-
attention and 2) MLC ReRAM CiM for 6-bit Read-MAC linear
& FC Layers. By the optimal mix & match of low energy write
and endurance free SRAM CiM and high capacity/low cost
MLC ReRAM, the optimal 3D-integration Transformer system
of the edge Al is achieved. Proposed Transformer Hetero-CiM
reduces the circuit area by 89.1% and 45.3 % compared with
transformer models that intensively use SRAM CiMs or
ReRAM CiMs, respectively. Furthermore, proposed
Transformer Hetero-CiM improves inference accuracy by 1.1%
compared with intensive SRAM CiMs and intensive ReRAM
CiMs.

Keywords— Transformer, Computation-in-Memory (CiM),
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. INTRODUCTION

Emerging transformer models such as Large Language
models (LLMs) typified ChatGPT and Vision Transformer
(ViT) achieve high inference accuracy and parallel
computation due to self-attention mechanism [1]. Transformer
models are mainly composed of 1) linear & fully-connected
(FC) layers and 2) self-attention. In linear & FC layers,
multiple-accumulate (MAC) operation is performed using
fixed weights. On the other hand, self-attention is the
mechanism to obtain the correlations between each input
tokens, such as words or image pixels. Even correlations
between distantly located tokens can be obtained. Thanks to
self-attention, transformer models do not require recurrent
layers or convolution layers. In self-attention, the weights of
MAC operation are changed in each input. To embed
transformer models at edge devices such as mobile phones or
10T devices, Computation-in-Memory (CiM) can be applied
to MAC operation to reduce memory size and to accelerate
calculation [2, 3]. However, the two different mechanism of
linear & FC layers and self-attention in transformer models
make CiM adaptation complicated. Especially, applying CiM
to self-attention is more considerable than that to linear & FC
layers because self-attention, whose weight values of MAC
operation change depending on input, require writing weights
in CiM. Thus, in this paper, Transformer Hetero-CiM that
integrates ReRAM CiMs for Read-MAC operation in linear &
FC layers and SRAM CiMs for Read/Write operation in self-
attention as shown Fig. 1(a). Fig 1(b) shows 3D-integration of
proposed Transformer Hetero-CiM. To solve the problem of a
large number of parameters in transformer models, stacking
CiMs in 3D enables more compact edge-embedded
transformer models.

Il. STEP-BY-STEP TRANSFORMER HETERO-CIM DESIGN
METHODOLOGY

Fig. 2 shows step-by-step Transformer Hetero-CiM design
methodology. Fig. 2(a) shows training and inference for
adapting transformer models to proposed Transformer Hetero-
CiM. Fig. 2(b) shows 3 steps of proposed Transformer Hetero-
CiM design methodology. In Step 1, the overall configuration
where and which memory CiMs are applied in a transformer
model is determined. In Step 2, training and inference items
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such as fine-tuning or N-bit quantization aware training
(QAT) for self-attention are approximately determined. In
Step 3-1, training and inference items are determined for both
linear & FC layers and self-attention based on Step 2. In Step
3-2, training and inference items for respective linear & FC
layers and self-attention are determined.

I1l. STEP 1: DETERMINATION OF THE OVERALL
CONFIGURATION OF TRANSFORMER HETERO-CIM

Table | shows characteristics of SRAM CiM and ReRAM
CiM. The advantage of ReRAM CiM is smaller cell size (10 -
50 F?) [4, 5] compared with 120 - 200 F2 for SRAM CiM [6].
On the other hand, SRAM CiM has the advantage of high
Set/Reset endurance. Table Il summarizes the requirements
for CiM from transformer models. Because linear & FC layers
require Read MAC operation and have a large number of
weight parameters, high capacity/low cost MLC ReRAM CiM
is suitable. Because self-attention requires Write/Read MAC
operation and has a smaller number of weight parameters, low
energy write and endurance free SRAM CiM is suitable.

Fig. 3(a) shows operation in linear & FC layers with
ReRAM CiM. As for linear & FC layers, the weighs of trained
model are used. Linear layer with Wokyv is shown as an
example. Input matrix X is duplicated into three copies for the
computation of query Q, key K, and value V. Q, K, and V are
obtained by multiplying the matrix X by their respective
weights Wg, Wk, and Wy. Fig. 3(b) shows Read-MAC
operation of MLC ReRAM CiM. Input matrix X corresponds
to word-line (WL) of MLC ReRAM CiM. The weights of
trained model after quantization are stored in MLC ReRAM.
Output is obtained by bit-line current. As for inference in
linear & FC layers, after MLC ReRAM is written to store the
trained weights, MLC ReRAM CiMs are required to intensive
Read-MAC operation.

Fig. 4(a) shows operation in self-attention. To map to
SRAM CiMs, operation in self-attention is divided into three
parts. First, matrix product of Q and KT is calculated by QK-
SRAM CiM. Next, Attention weight A is calculated with
digital processors by scaling QK and applying Softmax
function to the result of QK. Finally, head h is calculated with
AV-SRAM CiM by multiplying V to Attention weight A. In
QK-SRAM CiM, Q is input and KT is the weights stored in
SRAM (Fig. 4(b)) while in AV-SRAM CiM, Attention weight
A'is input and V is the weights stored in SRAM (Fig. 4(c)).
Because Q, K and V are changed each input matrix X, the
weights of SRAM CiMs are written and red out for MAC
operation each input. In this work, ViT model called ViT-base
model with 12 layers is used. The image classification task is
evaluated for proposed Transformer Hetero-CiM.

IV. ANALYSIS ON QUANTIZATION AND ERROR TOLEANCE IN
TRANSFOMER MODELS

To apply ReRAM CiM and SRAM CiM to transformer
models, quantization and memory error tolerance need to be
considered. Fig. 5 shows quantization and error injection
methods. Fig. 5(a) shows initial weight value of MAC
operation. Not to include outliers and to increase accuracy,
clipping method is useful. After quantization of the initial
weight value with/without clipping, the quantized weights
(Fig. 5(b)) are stored in ReRAM or SRAM. Device errors are
represented as Gaussian errors (Fig. 5(c)) and shift errors (Fig.
5(d)). Normalized step (n.s.) means unit when normalizing
weights between -1 and 1. Fig. 6 shows an example of value
distribution of (a) Q, (b) K, (c) V, and (d) Attention weight A



in Layer 12 in ViT for a given input. Layer 12 is the closest
layer to output in transformer encoder. The distribution of
Attention weight A is different from Q, K, and V because of
scaling and Softmax function. Fig. 7(a) shows structure of
ReRAM. Figs. 7(b)-(d) show measured current distributions.
Because tail bits increase as Set/Reset cycles increase (Fig.
7(b)) [7], variance becomes larger (Fig. 7(c)). The tendency of
write variation is represented by Gaussian errors. Shift errors
represent the weight shift due to high endurance or data-
retention (Fig. 7(d)) [8]. In this work, shift errors that shift the
weights in the positive direction are considered.

V. STEP 2: APPROXIMATE DETERMINATION OF TRAININSG &
INFERENCE ITEMS FOR SRAM CIM FOR SELF-ATTENTION

In Step 2, regarding self-attention, which is the most
important function of transformer models for high accuracy
and parallel processing, training and inference items are
approximately determined. As for self-attention, QK-SRAM
CiM calculates the matrix product of Q and K™ while AV-
SRAM CiM calculates the weighted sum of Attention weight
Aand V. Firstly, it is determined which of Q and K is used as
input and weights. Second, as shown in Fig. 2, training items
such as fine-tuning or N-bit QAT and inference items such as
bit precision and with or without clipping are determined.
These items are determined by considering quantization and
error tolerance of parameters of self-attention. 95% inference
accuracy is defined as criterion. Fig. 8 shows inference
accuracy when each parameter of self-attention, Q, K, V, and
Attention weight A is quantized with clipping. To examine the
tolerance of each parameter, if Q is quantized, other
parameters are not quantized. With fine-tuning, acceptable bit
precision is 2 bits for both Q and K (Fig. 8(a)). Acceptable bit
precision of V is 3 bits while acceptable bit precision of
Attention weight A is 6 bits. 6-bit QAT improves inference
accuracy of V and Attention weight A although acceptable bit
precision of all parameters is same as that of fine-tuning (Fig.
8(b)). Therefore, 6-bit QAT is better than fine-tuning. Fig. 9
shows inference accuracy when quantization from 1- to 8-bit
precision of (a) Q and K for QK-SRAM CiM and (b) Attention
weight A and V for AV-SRAM CiM, respectively. Both Q and
K are tolerant to quantization. AV-SRAM CiM has low
quantization tolerance of Attention weight A, resulting
inference accuracy is lower even if bit precision of V is 8 bits.
Fig. 10 shows inference accuracy when (a) Gaussian errors
and (b) shift errors are injected. To evaluate without being
affected by quantization, N-bit QAT and clipping are not
performed. As for Q and K, Q is the most tolerant to Gaussian
errors and K is the most tolerant to shift errors. Attention
weight A is also the worst in terms of both Gaussian and shift
errors. From the results of Step 2, Q as input and K as weights
for QK-SRAM CiM, and Attention weight A as input and V as
weights for AV-SRAM CiM are determined.

V1. STEP 3: FINAL DETERMINATION OF TRAINING &
INFERENCE ITEMS FOR TRANSFORMER HETERO-CIM

In Step 2, input and weight of SRAM CiM for self-
attention are determined. Next, in Step 3, both ReRAM CiM
for linear & FC layer and SRAM CiM for self-attention are
considered as a whole system.

A. Step 3-1 Determination Commonly Applicable Training

& Inference Items for ReRAM and SRAM CiMs

To consider training and inference items commonly
applicable to both ReRAM and SRAM CiMs, linear & FC
layers and self-attention are quantized with same bit precision.
Fig. 11 shows inference accuracy when weights in linear &
FC layers and self-attention are quantized in same bit
precision (a) without and (b) with clipping. As shown in Fig.
11(a), acceptable bit precision for most QAT is 6 bits.
However, applying clipping in inference improves 5 bits (Fig.
11(b)). In 5-bit precision with clipping in inference, 6-bit QAT
has the highest inference accuracy. To summarize the results
in Step 3-1, for liner & FC layers and self-attention, which are

ReRAM and SRAM CiMs, 6-bit QAT for training and 5-bit
precision with clipping for inference are optimal.

B. Step 3-2 Final Optimization of Training & Inference
Items for Transformer Hetero-CiM

Finally, based on Step 3-1, training and inference items are
optimized for each ReRAM and SRAM CiM to achieve
Transformer Hetero-CiM. To make more compact edge-
embedded Transformer Hetero-CiM, cell size needs to be
considered. Because cell size of SRAM is approximately five
times larger than that of ReRAM, total CiM area can be
reduced by applying the smaller bit precision of SRAM than
ReRAM. According to the result of Step 3-1, 5-bit precision
is optimal. Therefore, in inference, 4-bit precision of SRAM
and higher bit precision of ReRAM are evaluated to maintain
high inference accuracy (Fig. 12(a)). Even if 4-bit precision of
SRAM with clipping is used in inference, 6-bit QAT in
training and 6-bit precision of ReRAM with clipping in
inference achieves 95% inference accuracy. Because 4-bit
precision of SRAM is acceptable when 6-bit QAT is used in
training, further lower bit precision of SRAM is evaluated by
increasing bit precision of ReRAM as shown in Fig. 12(b). If
2-bit precision is used for SRAM in inference, inference
accuracy catastrophically degrades regardless bit precision of
ReRAM. If 3-bit precision of SRAM is used in inference,
inference accuracy is not higher than the accuracy when 4-bit
precision of SRAM and 6-bit precision ReRAM are applied.
Furthermore, by applying MLC ReRAM embedded
transformer models becomes even smaller. Thus, proposed
Transformer Hetero-CiM is composed of SRAM CiM for 4-
bit Read/Write-MAC Self-attention and MLC ReRAM CiM
for 6-bit Read-MAC Linear & FC Layers.

VII. CONCLUSION

Table 111 summarizes proposed Transformer Hetero-CiM
compared with conventional ViT, intensive SRAM CiMs or
SLC ReRAM CiMs. Proposed Transformer Hetero-CiM
reduces the circuit area by 89.1% compared with intensive
SRAM CiMs and 45.3% compared with intensive SLC
ReRAM CiMs. Furthermore, proposed Transformer Hetero-
CiM improves by 1.1% inference accuracy rather than
intensive SRAM CiMs and SLC ReRAM CiMs. Fig. 13(a)
shows design of proposed Transformer Hetero-CiM. Figs.
13(b) and (c) show inference accuracy when (b) Gaussian
errors and (c) shift errors are injected into proposed
Transformer Hetero-CiM. Because proposed Transformer
Hetero-CiM is designed step-by-step and Attention weight A
is corresponded to input of SRAM CiM, error tolerance of
self-attention is improved (Table 1V). This Transformer
Hetero-CiM achieves the best energy efficiency and MAC
performance. First, as for the energy efficiency, proposed
Transformer uses the minimum energy solution of SRAM
CiM for self-attention and ReRAM CiM for Linear & FC
layers. Similarly for the performance (mainly as for the
throughput) of CiM, both most energy efficient and fastest
CiM combinations of SRAM & ReRAM mix & match is
proposed. By incorporating digital processor for the CiM
unfriendly functions, cost including memory capacity, MAC
performance and energy efficiency is maximized by proposed
Transformer Hetero-CiM.
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