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Abstract—This work presents a Transformer accelerator
with a large-language-model-friendly (LLM-friendly) architec-
ture, supporting a multi-head adaptable computation scheme.
The accelerator features (1) the first token-length-
independently fully-pipelined computing-in-memory (CIM)
network with 27.1-42.3% energy reduction, (2) an embedding-
dimension-adaptable CIM array mapping for truly parallel
multi-head computation, and (3) a multi-ping-pong CIM macro
with rescheduled attention-head dataflow to enhance 2.05x
inference-level area efficiency. Implemented in 28-nm CMOS
process, the proposed accelerator consumes 24.62 pJ/token and
2.03 inference/mm? for BERT-base, realizing 2.12x and 2.03x
energy and area efficiency improvements over state-of-the-art
works.
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I. INTRODUCTION

LLMs excel in natural language processing, but demand
increased memory access. Previous CIM-based Transformer
accelerators [1-4] face challenges when considered from the
practical perspective of LLM, as shown in Fig. 1. (1) Off-
chip memory access accounts for over 85% of inference
energy consumption. Partially-pipelined [1-2] and token-
length-dependent techniques [3-4] all suffer from limited
energy efficiency. Moreover, hardware area cost significant-
ly increases as the token sequence length becomes longer. (2)
Repetitive token access and low utilization arise in the MHA
mechanism across various LLMs, further degrading the pro-
cessing efficiency. (3) Intensive off-chip memory access
dominates the Transformer inference process and causes
serious resource idling, severely lowering the overall area
efficiency. To address the above challenges, we propose a
full-digital CIM-based accelerator featuring (1) a fully-
pipelined CIM network, which thoroughly eliminates the
intermediate data reloading and enables segmented pro-
cessing of unconstrained token length, (2) a spatiotemporal-
unfolded CIM array realizing fully parallel multi-head com-
putation scheme, (3) a multi-ping-pong CIM (MPP-CIM)
macro supporting concurrent writing and computing during
runtime, with a rescheduled attention-head dataflow to en-
hance inference-level area efficiency. Compared to the state-
of-the-art works, the proposed design achieves 2.12x and
2.03x improvements in inference-level energy and area effi-
ciency, respectively.

II. PROPOSED LLM-FRIENDLY FULLY-PIPELINED
CIM SCHEME

Fig. 2 shows the overall architecture, comprising a fully-
pipelined engine (FPE), a system controller, a customized
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ig. 1. Challenges of designing a CIM-based accelerator for LLMs.
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Fig. 2. The overall architecture of proposed CIM-based Transformer ac-
celerator.

DMA, a SIMD core and a 256KB memory bank. The
Transformer model inference process is primarily resolved
within the FPE, which consists of 3 static cores, 2 dynamic
cores, | pipelined softmax core (PSC), and a communication
network enabling fully-pipelined operation (FPN). The
sparse attention computation employs a sliding-window
attention scheme with configurable window sizes [6].

Fig. 3 illustrates the data mapping of the entire attention
layer onto the FPE. Static cores handle static (matrix-
vector-multiplications) MVMs in Q, K and V generation,
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Fig. 3. Proposed LLM-friendly fully-pipelined CIM scheme.

while dynamic cores perform dynamic MVMs of QKT and
PV. The intermediate matrices (Q, K and V) and attention
probabilities (P) are directly stored in the FPE after
generation. Hence, the proposed fully-pipelined scheme
eliminates the intermediate data reloading to maximize the
processing efficiency. Besides, to support long sequence
lengths of LLMs, the input tokens are divided into multiple
segments and sequentially processed within the FPE. To
ensure the streaming computation, this work supports
continuously updating the used CIM, also preserving the
previous token segment during the updating of the next
token segment. Consequently, the proposed FPE achieves
token-length-independent operation to support LLMs. For
the attention layer with token lengths of 2,048-32,768, the
FPE reduces off-chip memory access by 50.6-52.5% and
achieves energy reductions of 27.1-42.3% when compared
to the conventional full-parallel CIM design.

III. PROPOSED MULTI-HEAD ADAPTABLE
CIM ARRAY MAPPING

Conventional CIM macros [1,2,4] are typically
specialized only for a single model configuration. Therefore,
if the operating model is smaller than expected, the
hardware utilization would seriously decrease, causing
efficiency degradation. In the proposed multi-head adaptable
scheme shown in Fig. 4, static-CIM macros within each
static core can be arranged by a 2-D flexible mapping
strategy, referred to as spatial-unfolded mapping. For
models with varying embedding dimensions, the macros are
divided into multiple groups, each group exhibiting different
attention-head information, allowing for parallel-head
computation. Furthermore, the temporal-unfolded mapping
leverages CIM blocks to accommodate different attention-
head parameters, as shown in Fig. 5. Over time, each CIM
block, formed by the same-position rows in CIM banks, is
activated in sequence to generate partial intermediate
matrices along the hidden dimension of each head. As a
result, input tokens stored on-chip can be reused,
eliminating the need for repetitive off-chip token access
during each head computation. The proposed mixed
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Fig. 4. Proposed multi-head adaptable spatiotemporal-unfolded CIM array
mapping scheme.
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spatiotemporal-unfolded mapping simultaneously adjusts to
the embedding and hidden dimensions of the Transformer,
reducing 35.2-36.8% off-chip memory access and 31.6-
58.4% energy consumption while maintaining high
hardware utilization across varying LLMs when compared
to the same design without spatiotemporal-unfolded
mapping, as shown in Fig. 6.

IV. PROPOSED RESCHEDULED ATTENTION-HEAD DATAFLOW
AND MULTI-PING-PONG CIM MACRO

Conventional CIM designs suffer from low area
efficiency for LLM inference due to (1) substantial
computing logic demanded by the simultaneous generation
of all head channels and (2) prolonged hardware resource
idling resulting from extensive off-chip memory access.
Hence, we propose a rescheduled attention-head dataflow
that supports sequentially producing portions of hidden
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dimension in segments by a rescheduling factor R to
compute only R x dk channels at one time, as shown in
Fig. 7. With a smaller R, the hardware required for static
MVM can be reduced. However, this activates only partial
CIM in the dynamic core at a time, causing efficiency
reduction and an increase in computation latency. To
address the efficiency degradation issue, a multi-ping-pong
CIM (MPP-CIM) architecture is further proposed to allow
different token blocks to be written and computed within the
same CIM bank. As shown in Fig. 8, by consolidating
computations within the active CIM, the proposed MPP-
CIM significantly enhances the hardware utilization in
dynamic cores and reduces the required computing logic by
RL. Our analysis shows that R of 1/8 leads to the optimal
inference efficiency by exploiting the trade-off between
latency and area with different R, as shown in Fig. 7.
Fig. 9 shows the corresponding MPP-CIM array design with
one-eighth activation for R=1/8, where each CIM bank
comprises eight bitcells using a time-sharing 4T-NAND for
1-bit operations. The proposed MPP-CIM bitcell employs
the TG-based MUX to enable reliable concurrent writing
and computing within a bank above 0.63V. The proposed
rescheduled attention-head dataflow and MPP-CIM realizes
a 2.05x improvement in area efficiency.

V. IMPLEMENTATION RESULTS

The proposed LLM-friendly CIM-based Transformer
accelerator was implemented in 28-nm CMOS technology.
Fig. 10 shows the die photo with an area of 6.02 mm?.
Fig. 11 shows the voltage-frequency scaling characteristic of
the accelerator. The highest energy efficiency of 23.70
TOPS/W is measured at 0.63V and 5S0MHz. Table. I shows
the performance summary of the proposed accelerator and
comparison with the state-of-the-art CIM-based designs.
Compared to previous works, this design demonstrates
competitive energy and area efficiency at the CIM macro
level. At the system level, the proposed LLM-friendly
design  consumes only 24.62uJ/token and  2.03
inference/mm? for BERT-base tasks. This represents the
highest inference-level energy and area efficiency with 2.12-
2.83x and 2.03-13.27x improvement, demonstrating both
superior energy and area efficiency for full LLM model
inference.
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TABLE L.

Performance Summary and Comparison.

[1] 2] [3] [4] [5] This Work
Technology (nm) 28 28 28 28 40 28
Precision INT8/16 INT8 INTS8 INT4/8/16 Posit8 INT8
Supply Voltage (V) 0.6-1.0 0.64-1.03 0.60-1.00 0.90 0.90-1.10 0.63-1.40
Frequency (MHz) 80-240 20-320 80-275 50-200 50-95 50-310
Die Area (mm?) 6.83 3.93 6.98 2.00 65.61 6.02
CIM Size (KB) 24 80 24 9 N/A 113

Multi-Head Scheme

Single-head

Single-head

Sequential-head

Single-head

Single-head

Parallel-head

1.48 (INTS) 0.80 (INTS)
a,b -
Throughput (TOPS) 0.37 (INT16) 333 2.66 0.40 (INT16) 0.026-0.051 4.44
. 20.5 (INTS) 23.24 (INTS)
Energy Efficiency (TOPS/W) 5.1 (INT16) 25.22 38.90 11.62 (INT16) 0.43-0.50 23.70
Area Efficiency (TOPS/mm?)*P 0.22 (INTS) 0.85 0.384 0.40 (INT8)4 0.008¢ 0.74
Energy Consumption (pJ/Token)*¢ 59.504 (2.42x) 69.774(2.83x) 52.174(2.12x) 55.524(2.25x) N/A 24.62 (1x)
Inference-Level Area Efficiency d q d d
(inference/s/mm2)b< 0.319(6.94x%) 1.009 (2.03x) 0.179(13.27x) 0.61¢(3.37x) N/A 2.03 (1x)
% One operation (OP) represents one multiplication or one addition. b Measured at the highest performance point. ¢ Measured at the highest efficiency point.
d Estimated from the published data. & Off-chip and on-chip memory access are included for analysis.
N SRR Implemented in 28-nm CMOS process, the proposed CIM-
B % based accelerator reaches high energy and area efficiencies
B Token Memory SIMD 5 .
- of 23.70 TOPS/W and 0.74 TOPS/mm*, respectively. When
E- 2 < o | % |, executing the BERT-base model, the proposed LLM-
3 I S| 5|3 friendly Transformer accelerator consumes 24.62 pJ/token
sE| S8 [8 8|23 and 2.03 inference/mm?, achieving 2.12-2.83x and 2.03-
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o8 = = = E § g 7 13.27% improvement in inference-level energy and area
<51 I - 21N E|& 3 efficiency, respectively, when compared to the state-of-the-
‘// ; Global Memory Softmax | = art works.
| 787 iy A
& AA A #1513 RO ACKNOWLEDGMENT
* 2.68 mm > The authors would like to thank TSMC and TSRI for chip
Fig. 10.  Die photo of the Transformer accelerator. fabrication and technical support. This work was supported
Voltage-Frequency Scaling by MTK and NSTC.
1.50 1000
REFERENCES
< 750 < .. s
2 125 = [1] F. Tu et al., "TranCIM: Full-Digital Bitline-Transpose CIM-based
g 500 3 Sparse Transformer Accelerator With Pipeline/Parallel
S 1.00 g Reconfigurable Modes," in IEEE Journal of Solid-State Circuits, vol.
g 250 g 58, no. 6, pp. 1798-1809, June 2023.
078 [2] S. Liu et al, "162 A 28nm 53.8TOPS/W 8b Sparse Transformer
0.50 0 Accelerator with In-Memory Butterfly Zero Skipper for Unstructured-
" 50 110 170 220 280 Pruned NN and CIM-Based Local-Attention-Reusable Engine," 2023
Frequency (MHz) IEEE International Solid-State Circuits Conference (ISSCC), San
Francisco, CA, USA, 2023, pp. 250-252.
Fig. 11.  Measured voltage-frequency scaling characteristic.

VI. CONCLUSION

This work presents a CIM-based Transformer accelerator
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