Fig. 6.!Energy saving by the proposed LLM-friendly fully pipelined and
multi-head adaptable spatiotemporal-unfolded CIM schemes.

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
R, 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.

Fig. 7.1 Proposed rescheduled attention-head dataflow and the correspond-
ing optimal rescheduling factor.

Fig. 8.1 The reduction in computing logic achieved through the proposed
multi-ping-pong CIM scheme for an example case R = 4.

Fig. 9.1 Proposed multi-ping-pong CIM (MPP-CIM) architecture.



TABLE 1. Performance Summary and Comparison.
1] 2] 131 [4] 5] This Work
Technology (nm) 1 R 1 1 S0t 28
Precision & ()xH &= &= & (3)")*+ -0 INT8
Supply Voltage (V) 01+ 2106t U1+$2* 1063 O1-+62* 1069 0h14%¢ U1A%2*1%05¢ 0.63-1.40
Frequency (MHz) 621Gt 19231% 921 56¢ 6%219406¢ 69246t 50-310
Die Area (mm?) +H"3E 3143 +4" 11060 +61+%% 6.02
CIM Size (KB) 1 "0 18 4 ")7# 113
Multi-Head Scheme 8/9::<0=<>7% 8/9::<0=<>2% 8<@A<90/>;2=<>7% 8/9::<0=<>7% 8/9::<0=<>7% Parallel-head
*1$upe ™ (0 ‘ ‘ 051" B ™ (*'C ‘
a,b 1 051% 1 +201%6*
Throughput (TOPS) 41358 " (-4 3133t 4+ ISR ™ (-4 04106 1+ 2061066 4.44
. 19616888 ™ (0t " 1310686 ™ (G
a,¢ 1 1 I:,' Ot 0 0, { .
Energy Efficiency (TOPS/W) BB (s 16111 3" 14%: AL (R4 041532160 23.70
Area Efficiency (TOPS/mm2)*b %10 0B (0 %16k 013" o15ohiBe = (10 Y104gp"d 0.74
Energy Consumption (uJ/Token) BA16%4B 1S CE +4155%48 11" 3xC# 611548 11* I (i 661619481116xCt "7t 24.62 (1x)
Inference-Level Area Efficiency $13%4 B4 * {41 113xC KI*5UE*31 5 Kl4+083135%C "7 2.03 (1x)
(inference/s/mm?*)"¢

% One operation (OP) represents one multiplication or one addition. b Measured at the highest performance point. ¢ 'Measured at the highest efficiency point.

Fig. 10.!  Die photo of the Transformer accelerator.

Fig. 11.!  Measured voltage-frequency scaling characteristic.

VI. CONCLUSION

This work presents a CIM-based Transformer accelerator
featuring LLM-friendly architecture. The proposed fully-
pipelined scheme enables the computation of the entire
MHA layer on the chip without additional intermediate data
access while supporting the arbitrary sequence lengths. In
addition, the spatiotemporal-unfolded CIM array mapping
methodology realizes fully parallel multi-head computation
and accommodates the various model configurations,
leading to an overall 31.6%-58.4% improvement in energy
reduction. Together with the proposed rescheduled
attention-head dataflow, the proposed MPP-CIM achieves a
2.05x improvement in inference-level area -efficiency.

d Estimated from the published data. & Off-chip and on-chip memory access are included for analysis.

Implemented in 28-nm CMOS process, the proposed CIM-
based accelerator reaches high energy and area efficiencies
of 23.70 TOPS/W and 0.74 TOPS/mm®, respectively. When
executing the BERT-base model, the proposed LLM-
friendly Transformer accelerator consumes 24.62 pJ/token
and 2.03 inference/mm®, achieving 2.12-2.83x and 2.03-
13.27x improvement in inference-level energy and area
efficiency, respectively, when compared to the state-of-the-
art works.
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