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Abstract—Transformers achieve state-of-the-art accuracy
across language and vision tasks, but their deployment on
embedded hardware is hindered by stringent area, latency, and
energy constraints. During inference, performance and efficiency
are increasingly dominated by the Key–Value (KV) cache, whose
memory footprint grows with sequence length, straining on-
chip memory utilization. Although existing mechanisms such as
Grouped-Query Attention (GQA) reduce KV cache requirements
compared to Multi-Head Attention (MHA), effectively exploiting
this reduction requires understanding how on-chip memory
demand evolves over time. This work presents TRAPTI, a two-
stage methodology that combines cycle-level inference simulation
with time-resolved analysis of on-chip memory occupancy to
guide design decisions. In the first stage, the framework obtains
memory occupancy traces and memory access statistics from
simulation. In the second stage, the framework leverages the
traces to explore banked memory organizations and power-gating
configurations in an offline optimization flow. We apply this
methodology to GPT-2 XL and DeepSeek-R1-Distill-Qwen-1.5B
under the same accelerator configuration, enabling a direct com-
parison of MHA and GQA memory profiles. The analysis shows
that DeepSeek-R1-Distill-Qwen-1.5B exhibits a 2.72× reduction
in peak on-chip memory utilization in this setting compared
to GPT-2 XL, unlocking further opportunities for power-gating
optimization.

Index Terms—Transformer inference; embedded acceleration;
SRAM banking; power gating; KV cache; cycle-level simulation;
design space exploration

I. INTRODUCTION

Transformers have become a standard backbone for lan-

guage and vision models due to their accuracy and paral-

lelizable structure [1]. These Deep Learning (DL) models

rely on self-attention mechanisms to compute interactions

between input tokens and achieve high accuracy. However,

Transformer inference impose substantial computational and

memory requirements. Data-center and server-class deploy-

ments often satisfy these requirements using Graphics Pro-

cessing Units (GPUs) coupled with high memory bandwidth

and large memory capacity. However, embedded systems face

tightly constrained area, latency, and memory budgets, making

efficient Transformer inference more challenging.

The inference execution of Transformers consists of re-

peated self-attention and Feed-Forward Network (FFN) layers,

and is dominated by matrix multiplication operations. In

decoder architectures that generate output tokens sequentially,

the model caches key and value representations from previ-

Fig. 1. Comparison between Multi-Head Attention (MHA) and Grouped-
Query Attention (GQA) in terms of normalized energy and latency at similar
parameter count and computational complexity.

ously generated tokens. This Key–Value (KV) cache grows

linearly with the number of generated tokens and can con-

tribute significantly to memory footprint and memory access

energy [2].

The standard implementation of Multi-Head Attention

(MHA) maintains separate key and value tensors for each

attention head, which increases both the required memory

capacity and the number of memory accesses during decoding.

Several attention mechanisms reduce this overhead by decreas-

ing the KV cache footprint, including Multi-Query Attention

(MQA) [3] and Grouped-Query Attention (GQA) [4], the latter

of which is adopted in recent open-source models targeting

efficient inference, such as Qwen 2.5 [5] and Llama 3 [6].

As illustrated in Fig. 1, our evaluation shows that GQA

yields lower inference energy (2.89×) and latency (3.14×)

than MHA at similar parameter count and computational

complexity; see pointer ⃝1 .

On embedded inference accelerators, on-chip memory is

used to store intermediate activations, weights, and KV cache

data, and it can be a major contributor to both dynamic and

static energy consumption. To avoid performance degradation

due to the high off-chip memory traffic, high memory capacity

is required. However, memory utilization during Transformer

inference is highly non-uniform over time, creating intervals

of time where parts of the memory remain unused. Memory

organization techniques such as banking enable partitioning

the memory into independently controllable units, creating

opportunities for selectively power gating unused banks to

reduce leakage energy. Effectively exploiting such opportu-

nities requires detailed knowledge of the temporal memory

occupancy and access behavior during inference execution.

However, such temporal information is typically not available



to widely used design-space-exploration flows [7]–[9], which

often rely on aggregate statistics (e.g., peak capacity or total

access counts) rather than execution-aligned occupancy traces.

As a result, prior works have limited ability to systematically

identify and evaluate bank-level power-gating opportunities

driven by workload dynamics.

In this work, we present a two-stage framework that

combines cycle-level performance simulation with memory-

occupancy analysis to guide on-chip memory optimization.

In Stage I, we simulate Transformer inference on a given

accelerator configuration and extract a time-resolved on-chip

memory occupancy profile along with memory access statis-

tics. In Stage II, we use these extracted traces in an offline

exploration to evaluate banked memory organizations and

power-gating (PG) policies. This enables a systematic compar-

ison of energy–latency trade-offs across alternative memory

configurations under identical workload behavior. TRAPTI

reveals up to 78% SRAM energy reduction through banking

and power-gating, with GQA workloads benefiting 20% more

than MHA due to temporal memory variability.

Our paper introduces the following contributions:

• TRAPTI: a two-stage methodology for embedded Trans-

former inference evaluation that combines cycle-level

performance simulation with offline exploration of mem-

ory organization and power-gating strategies (Sec. III).

• Comparative analysis of memory behavior for workloads

using MHA versus GQA, highlighting differences in on-

chip memory utilization (Sec. IV).

• A set of banked memory design alternatives evaluated

with detailed energy and latency metrics, demonstrating

how memory organization choices impact overall energy

efficiency (Sec. IV).

• Integration of the proposed methodology into the TransIn-

ferSim tool to support reproducibility and enable future

research.

Before delving into the technical sections, Sec. II provides

an overview of key concepts like attention mechanisms, on-

chip memory optimization, accelerator architectures, and in-

ference simulators, to a level of detail necessary to understand

the rest of the paper.

II. BACKGROUND AND RELATED WORK

A. Attention Mechanisms

Self-attention is the core operation in Transformers and

strongly influences their computational and memory behav-

ior during inference. In standard Transformer architectures,

self-attention is implemented using Multi-Head Attention

(MHA) [1]. For a sequence of length N , forming the N ×N
attention matrix leads to O(N2) compute and memory com-

plexity. In decoder-only, auto-regressive inference, keys and

values from prior tokens are cached to avoid recomputation,

resulting in a key–value cache whose size grows linearly with

the number of generated tokens and can dominate on-chip

storage requirements and traffic [2].

To reduce the memory and bandwidth overhead of KV

caching, several attention variants modify how key and value

MHA GQA

Query

Key

Value

MQA

Fig. 2. Conceptual comparison of Multi-Head Attention (MHA), Grouped-
Query Attention (GQA), and Multi-Query Attention (MQA). MHA maintains
independent key and value projections per attention head. GQA shares key
and value projections within head groups. MQA shares a single set of key
and value projections across all query heads. Figure adapted from [4].

tensors are generated and reused across heads. As summarized

in Fig. 2, Multi-Query Attention (MQA) shares a single set

of key and value projections across all query heads, reducing

KV cache storage and traffic during decoding, but potentially

reducing representational flexibility [3]. Grouped-Query At-

tention (GQA) introduces an intermediate design point by

partitioning query heads into groups that share key and value

projections, providing a trade-off between the expressiveness

of MHA and the KV cache reduction of MQA [4]. Since these

attention mechanisms directly shape the size and temporal

evolution of the KV cache, they also affect how much on-

chip memory must remain active throughout decoding.

B. On-Chip Memory Optimization

On-chip Static Random-Access Memory (SRAM) often

dominates the energy and area budget of embedded infer-

ence accelerators, motivating optimization of both memory

capacity and organization. Memory organization parameters,

such as banking and port structure, affect achievable access

parallelism, contention, and off-chip traffic. Prior work has

applied Design Space Exploration (DSE) to Scratchpad Mem-

ory (SPM) architectures, including compiler-driven approaches

that partition an SPM into banks and selectively disable unused

banks to reduce leakage energy [10]. DESCNet similarly

performs application-driven memory DSE and uses utilization

profiles to guide multibanked and sectorized SPM organization

and low-power control in Capsule Neural Networks accelera-

tors [11].

Leakage is a major component of SRAM energy in ad-

vanced processes and can be reduced by exploiting idle

intervals through low-power modes, at the cost of wake-up

latency and transition energy. Drowsy caches and cache decay

demonstrate that placing unused storage regions into reduced-

leakage states can significantly reduce static energy when

guided by reuse and idleness behavior [12], [13]. For bank-

level power gating, energy savings depend on whether idle

intervals exceed a break-even duration that amortizes wake-

up overhead [14], [15]. Analytical memory models such as

CACTI are widely used to estimate access latency, dynamic

energy, leakage power, and area across memory configura-

tions [16], [17], and are commonly integrated into architecture-

level energy estimation frameworks such as Accelergy [9].

However, realizing these savings in an accelerator setting

requires knowing not only peak capacity, but also when (and



for how long) different portions of the memory are idle during

execution.

C. Accelerator Architectures and Inference Simulators

Embedded accelerators for Transformer inference typically

consist of an array of interconnected Processing Elements

(PEs) organized as a Systolic Array (SA). Each PE integrates

a Multiply–Accumulate Circuit (MAC) unit and local reg-

isters to store intermediate partial results, enabling efficient

execution of matrix multiplications. Data movement between

the compute array and on-chip memory is managed through

a memory hierarchy that may include one or more levels

for buffering weights, activations, and intermediate results.

Many accelerator designs following this organization have

been proposed for Transformer inference [18]–[21].

Performance evaluation tools for DL accelerators span

Register-Transfer Level (RTL) simulation, cycle-level simu-

lation, and analytical or mapping-based estimation, trading

off modeling fidelity and evaluation runtime. RTL simulation

provides the highest accuracy but is slow and requires a

complete hardware description. Cycle-level simulators, such

as STONNE [22], capture microarchitectural timing and con-

tention with significantly lower cost than RTL. Analytical

and mapping-based frameworks, including Timeloop [7] and

MAESTRO [8], provide fast latency and energy estimates

from dataflow and reuse analysis and are widely used for

convolutional and dense-tensor workloads, but rely on aggre-

gate or statistical models of memory behavior. Recent tools

target Transformer inference more directly, either at system

scale or as compiler-driven flows [23], [24]. TransInferSim

complements these approaches by performing discrete-event,

cycle-level simulation of Transformer inference on custom ac-

celerators, enabling time-resolved analysis of on-chip memory

occupancy [25].

Gap and motivation: While prior work has explored banked

memories, low-power modes, and break-even analysis, ac-

celerator evaluation flows often lack a systematic way to

translate workload-driven, cycle-accurate execution into time-

resolved SRAM demand suitable for bank-level power-gating

decisions. In particular, without an occupancy trace aligned to

the execution schedule, it is difficult to determine how many

banks can be gated at each point in time and whether idle

intervals are long enough to outweigh transition overhead. This

paper addresses this gap by extracting an SRAM occupancy

trace from cycle-level simulation and reusing it in an offline

exploration of banking and power-gating policies.

III. TRAPTI METHODOLOGY

We propose TRAPTI, a two-stage workflow for on-chip

memory sizing, banking, and power-gating analysis in embed-

ded Transformer inference accelerators. Fig. 3 summarizes the

proposed flow. Stage I uses cycle-level performance simulation

to (i) evaluate inference execution for a given Transformer

workload and accelerator configuration and (ii) extract a time-

resolved on-chip memory occupancy trace. Stage II performs

an offline memory exploration that reuses the trace from

Stage I to evaluate banked SRAM organizations and power-

gating configurations. The key idea is to decouple (a) execution

timing and data movement, which depend on the workload

schedule and accelerator microarchitecture, from (b) SRAM

banking and leakage-reduction choices, which can be explored

efficiently once time-resolved memory demand is known.

A. Stage I: Simulation and Memory Occupancy Profiling

1) Simulator and input specification: We use TransInfer-

Sim [25] tool to evaluate inference execution for a given (i)

Transformer workload and (ii) accelerator configuration. The

workload is provided as a structural description (operation

types, tensor dimensions, and dependencies), and the acceler-

ator is specified as one or more compute arrays coupled with

an on-chip memory hierarchy (SRAM and local buffers) and

an off-chip Dynamic Random Access Memory (DRAM). The

main objective of Stage I is to obtain a cycle-level execution

timeline together with a temporal SRAM occupancy trace

under the given workload and hardware configuration.

2) Execution modeling: Given the workload description,

the simulator constructs an execution plan and performs

discrete-event simulation to retrieve the resulting compute and

data-movement behavior at cycle-level granularity. This stage

captures the interaction between scheduled compute opera-

tions and memory accesses, exposing capacity constraints and

memory-induced stalls during inference.

3) Occupancy trace extraction: A key artifact produced by

the simulation is the time-resolved on-chip SRAM occupancy

trace. During simulation, the engine tracks tensors as needed

(required by future operations) or obsolete (no longer required

for any future computation). When the memory component

becomes full, the simulator selects eviction victims to free

space. In our experiments, we configure the memory model

to use a Least-Recently Used (LRU) victim selection policy

among eligible candidates. Since obsolete tensors are eligible

for eviction without impact on correctness, this policy effec-

tively prioritizes evicting obsolete data over needed data when

both are present.

If no obsolete data is available, the simulator writes back

the needed tensors to an upper memory level (e.g., DRAM) for

later refetching. Such write-backs induced by limited memory

capacity introduce additional memory traffic and therefore

increase latency and energy. Accordingly, we size the SRAM

large enough to avoid these capacity-induced write-backs, i.e.,

to retain the needed tensors throughout execution.

We determine the on-chip memory size by iteratively ad-

justing its capacity and rerunning simulation until the mem-

ory trace reports feasible execution without capacity-induced

write-backs. The resulting configuration defines the baseline

SRAM size used for the subsequent offline banking and power-

gating exploration.

4) Stage-I outputs: Stage I outputs (i) the time-resolved

SRAM occupancy trace and (ii) summary memory access

statistics (e.g., read/write counts) under the selected capacity.

These outputs are reused directly in Stage II to evaluate alter-



Fig. 3. Two-stage workflow for on-chip memory sizing, banking, and power-gating analysis. Stage I (blue) uses TransInferSim to simulate inference for a
given workload and accelerator configuration, producing performance statistics and a time-resolved on-chip memory occupancy trace; the blue loop indicates
iterative adjustment of the memory configuration until a target SRAM capacity is reached. Stage II (orange) reuses the Stage-I trace and statistics to evaluate
banked SRAM organizations and power-gating policies using CACTI 7 characterization, yielding energy trends across bank counts. The power-gating policies
include (i) a baseline without power gating, (ii) an aggressive policy that gates idle-eligible banks using minimal headroom (α≈1), and (iii) a conservative

policy that reserves per-bank headroom (α<1) and avoids gating across short idle intervals to reduce wake-up overhead.

native banked SRAM organizations and power-gating policies

without modifying the workload execution schedule.

B. Stage II: SRAM Banking and Power-Gating Exploration

1) Banked SRAM candidates and characterization: We

explore alternative banked SRAM organizations while keep-

ing Stage I execution behavior fixed. For a selected total

SRAM capacity C (bytes), we sweep candidate bank counts

B ∈ {1, 2, 4, . . .}, corresponding to an equal-size partitioning

of the SRAM into B banks. For each candidate, we use

CACTI to obtain bank-level access latency/energy and leakage

estimates under the corresponding organization and technology

assumptions [16], [17].

2) Mapping occupancy traces to bank activity: We translate

the SRAM occupancy trace o(t) (bytes) into the minimum

number of banks that must remain active at each time t. For

a total SRAM capacity C and B banks (per-bank capacity

C/B), we assume occupied data is packed contiguously across

banks without fragmentation. To avoid overly optimistic pack-

ing, we introduce a per-bank headroom factor α ∈ (0, 1] and

treat only α·(C/B) as usable capacity per bank. This accounts

for non-ideal placement effects and control/metadata overhead,

and provides a simple way to model conservative versus

aggressive assumptions. The resulting number of required

active banks is

Bact(t) =

⌈

o(t)

α · (C/B)

⌉

, (1)

where Bact(t) is bounded to the range 0 ≤ Bact(t) ≤ B. The

remaining B − Bact(t) banks are considered idle-eligible at

time t. In this work, we use α = 0.9 as a conservative guard-

band (i.e., reserving 10% slack per bank), while an aggressive

policy can be modeled with α = 1.0.

3) Offline evaluation of banking and power-gating options:

For each (C,B) candidate, we compute the total SRAM

energy as the sum of dynamic access energy, leakage energy,

and switching overhead:

Etot = Edyn + Eleak + Esw. (2)

Dynamic energy is computed from the Stage I memory-

access statistics and per-access energies obtained from CACTI

for the corresponding banked organization:

Edyn = NR · ER +NW · EW , (3)

where NR and NW denote the total numbers of SRAM reads

and writes reported by the simulator, and ER and EW are the

energy per SRAM read and write from CACTI.

Leakage energy depends on how many banks remain

active over time under the selected policy. We use the bank-

activity function Bact(t) from Eq. (1) together with the per-

bank leakage power P bank
leak obtained from CACTI. Using the

piecewise-constant segments of the occupancy trace (durations

∆tk), we estimate:

Eleak ≈
∑

k

P bank
leak ·Bact(k) ·∆tk. (4)

Switching overhead accounts for bank state transitions.

Let Nsw be the number of on↔off transitions inferred from

the bank activity timeline and Ebank
sw the per-transition energy

(from CACTI assumptions). We model:

Esw = Nsw · Ebank
sw . (5)

Power gating is applied only when it is beneficial after

accounting for switching overhead. For each idle-eligible

interval of duration ∆t, a bank is gated only if the expected

leakage saved during ∆t exceeds the wake-up/transition cost

and the added wake-up latency is acceptable, following the

standard break-even criterion described in Subsection II-B.

The outcome is a set of bank-count and gating-policy can-

didates characterized by their energy and latency implications

under the same simulated workload timeline.

IV. EVALUATION OF TRAPTI

A. Experimental Setup

Workloads. We evaluate two Transformer workloads with

comparable scale: GPT-2 XL (MHA) [26] and DeepSeek-R1-

Distill-Qwen-1.5B (GQA) [27], denoted as DS-R1D Q-1.5B.

Both workloads are simulated with sequence length M=2048.

Positional-encoding operations (e.g., absolute/rotary position

embedding transforms) are omitted from the workload graph

because they are element-wise and do not materially affect the

SRAM occupancy trends studied in this paper. This simplifi-

cation is applied consistently across both models. Table I lists

the main model hyperparameters: L (layers), D (embedding

dimension), Dff (FFN hidden dimension), H (query heads),

Hkv (shared key/value heads for GQA), parameter count



TABLE I
MODEL CONFIGURATIONS USED IN THE EXPERIMENTAL EVALUATION.

Model M L D Dff Attn. H Hkv FFN Type P (B) MACs (T)

GPT-2 XL 2048 48 1600 6400 MHA 25 – FFN 1.48 3.66
DS-R1D Q-1.5B 2048 28 1536 8960 GQA 12 2 SwiGLU 1.31 3.04
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Fig. 4. Accelerator design template used in the experimental evaluation.
The design comprises four 128× 128 systolic arrays, each fed by per-array
row/column FIFO buffers, and a shared on-chip SRAM connected to off-chip
DRAM.

P (in Billions), and total MACs (in Trillions). Across all

experiments, we uniformly use 8-bit quantized operands.

Hardware template. Fig. 4 shows the evaluated accelerator.

The compute subsystem consists of four identical SAs, each

of size 128 × 128 PEs, operating at 1 GHz frequency with

one 8-bit MAC per cycle per PE. This corresponds to a peak

theorethical throughput of 65.5 TMAC/s. Each SA is fed by

a row and a column First-In First-Out (FIFO) buffer stack,

each providing 128 lanes with a depth of 256 8-bit elements

(128×256 entries). These FIFOs model continuous, pipelined

data supply along the tiled inner (common) dimension during

matrix multiplication.

Memory subsystem. The baseline memory hierarchy in-

cludes a single shared on-chip SRAM with an initial capacity

of 128 MiB, a 512-bit interface with four physical ports, and

an access latency of 32 ns, operating at 1 GHz frequency. The

off-chip memory is modeled as a DRAM with 2 GiB capacity,

two physical ports, and 80 ns access latency.

TransInferSim settings. We use TransInferSim with oper-

ation sub-tiling set to subops=4, which decomposes large

matrix multiplications into smaller sub-operations that can

be scheduled across the four SAs. This reduces single-array

serialization for otherwise wide FFN layers and improves

parallel utilization of the compute subsystem.

CACTI settings. We use CACTI with a 45 nm technology

node (consistent with the Accelergy/TransInferSim setup) and

the itrs-hp device model for high-performance transistors.

All remaining SRAM parameters (e.g., capacity, port count,

and interface width) match the TransInferSim memory con-

figuration.

B. Memory Size Optimization

We first evaluate the on-chip memory requirements of both

workloads under an identical accelerator configuration. The

goal of this experiment is to (i) extract time-resolved SRAM

occupancy profiles, (ii) identify peak memory requirements,

and (iii) relate memory demand to inference time and energy

profiles.

Fig. 5 shows the time-resolved SRAM occupancy traces for

GPT-2 XL (left) and DS-R1D Q-1.5B (right), both executed

with a 128 MiB shared SRAM. The corresponding simulated

end-to-end inference times are 593.9 ms for GPT-2 XL (see

pointer⃝2 ) and 313.6 ms for DS-R1D Q-1.5B (see pointer⃝3 ).

The traces decompose the SRAM contents into needed, obso-

lete, and free regions over time, while highlighting the peak

required capacity over the whole simulated run.

GPT-2 XL exhibits substantially higher and more persistent

memory occupancy, with a peak requirement of 107.3 MiB,

which is 84% of the full SRAM capacity; see pointer ⃝4 . This

behavior is driven by the larger KV cache footprint of MHA,

which causes a significant fraction of the SRAM to remain

occupied by needed tensors throughout execution. In contrast,

DS-R1D Q-1.5B shows a markedly lower peak SRAM re-

quirement of 39.1 MiB (31% of total SRAM capacity, see

pointer ⃝5 ), representing a 2.72× reduction in peak utilization

compared to GPT-2 XL. The GQA mechanism reduces the KV

cache footprint, resulting in a more compact and periodically

releasing memory demand profile. This creates extended inter-

vals where a substantial portion of the SRAM remains unused,

suggesting more room for further memory size optimization.

To understand how the different model operations impact

execution behavior, Fig. 6 reports the aggregated execution

times per operation type, separating pure compute time from

memory accesses and idle intervals. Note that, since many

operations execute in parallel over the available systolic arrays,

the total sum remains lower than the total inference time

reported in Fig. 5.

For GPT-2 XL, several operations show a large gap between

compute-only and memory related latency, indicating frequent

stalls and memory-induced delays. This is consistent with

the high and sustained SRAM occupancy observed earlier,

suggesting that execution is strongly memory bound. In con-

trast, DS-R1D Q-1.5B exhibits a much smaller gap between

compute and total latency across most operations.

From the perspective of energy consumption, Fig. 7 com-

pares the on-chip energy breakdown for both workloads under

the same 128 MiB SRAM configuration. GPT-2 XL consumes

78.47 J total on-chip energy with 38% average PE utilization,

while DS-R1D Q-1.5B consumes 40.52 J with 77% average PE

utilization. The operation breakdown confirms that GPT-2 XL

spends a larger fraction of time on memory accesses and idle

intervals while the systolic arrays remain under-utilized. DS-

R1D Q-1.5B’s higher compute utilization translates to more

efficient energy use. This difference aligns with the observed

occupancy and execution time behavior and suggests that GQA

reduces memory pressure, allowing execution to operate closer

to the accelerator’s compute capability.

Based on the memory trace observed for DS-R1D Q-

1.5B, we evaluated it with a reduced shared SRAM capacity

of 64 MiB. Despite halving the SRAM size, the execution

latency decreased by only 1.48 ms compared to the 128 MiB

configuration. This minimal latency impact can be explained

by the occupancy trace as the peak memory requirement

of DS-R1D Q-1.5B remains well below 64 MiB, with no

capacity-induced write-backs. The small latency difference is

primarily due to the modeled access latency of the smaller



Fig. 5. Time-resolved SRAM occupancy for two workloads executed on the same accelerator with a 128 MiB shared SRAM. Left: GPT-2 XL with MHA
(48 layers). Right: DS-R1D Q-1.5B with GQA (28 layers). DS-R1D Q-1.5B exhibits lower peak SRAM requirement with more room for optimization.

Fig. 6. Per-operation latency breakdown for GPT-2 XL (left) and DS-
R1D Q-1.5B (right) under the same accelerator configuration with a 128 MiB
shared SRAM. Each bar separates compute time from memory-access and idle
components. GPT-2 XL shows a larger memory/idle fraction across several
operations.

19%
5%3%
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GPT-2 XL
Total: 78.47 J

17%
4%4%

75%

DS-R1D Q-1.5B
Total: 40.52 J

Compute
RowBuf
ColBuf
Shared SRAM

Fig. 7. On-chip energy breakdown for GPT-2 XL (left) and DS-R1D Q-
1.5B (right) executed on the same accelerator with a 128 MiB shared SRAM.
DS-R1D Q-1.5B achieves higher compute utilization and lower total energy,
consistent with reduced memory-bound behavior.

SRAM (22 ns for 64 MiB), rather than changes in execution

behavior or memory traffic.

Since the latency impact is negligible and the occupancy

trace provides the peak required capacity (48 MiB for DS-

R1D Q-1.5B, 112 MiB for GPT-2 XL), we leverage this

information for the subsequent Stage II to evaluate a range

of SRAM sizes (with capacities above the minimum require-

ment), sweeping upward in 16 MiB increments up to 128 MiB

to quantify how added headroom shifts banking and power-

gating behavior.

C. Power Gating Optimization

We next apply Stage II of our methodology to translate the

time-resolved SRAM occupancy traces into energy and area

trade-offs across banking and power-gating configurations. We

first illustrate how the occupancy trace is mapped to bank-level

activity, and then quantify the resulting energy–area trends

across SRAM capacities and bank counts.

Fig. 8 shows the inferred bank activity over time for DS-

R1D Q-1.5B at 64 MiB with B=4 under different values of

the headroom factor α. The plot illustrates how varying α

Fig. 8. Inferred bank activity timeline for DS-R1D Q-1.5B at 64 MiB with
B=4 under different values of α. The black curve shows total SRAM
occupancy over time. The red region represents the effective data-placement
overhead induced by α, which reduces the usable per-bank capacity and
models conservative assumptions about non-ideal data packing. Blue segments
indicate banks that must remain active. Smaller α values increase the modeled
overhead, resulting in more active banks and fewer gate-eligible intervals.

changes the number of banks that must remain active over

time while keeping the workload execution and total SRAM

capacity fixed.

The factor α controls how conservatively the total SRAM

occupancy is mapped to bank-level activity. At α=1.0, ideal

data packing maximizes idle banks during low-occupancy

intervals. Lower α values introduce a conservative margin

that models uncertainty in data placement and implementation

overheads. As α decreases, more banks are required to remain

active for the same occupancy trace, reducing the duration

and frequency of gate-eligible intervals. Bank activity tracks

the occupancy trace across all α values as memory demand

fluctuates.

Based on this behavior, we fix α=0.9 for the remain-

der of the evaluation as a conservative yet practical set-

ting that avoids optimistic packing assumptions while still

preserving meaningful power-gating opportunities. Using this

fixed α, we sweep SRAM capacities and bank counts B ∈
{1, 2, 4, 8, 16, 32} to quantify energy and area trade-offs.

Table II reports CACTI SRAM energy and area estimates



TABLE II
ENERGY/AREA TRADE-OFFS FOR SRAM BANKING CANDIDATES AT α=0.9. ENERGY (E) IN MJ, AREA (A) IN MM2 , VARYING THE NUMBER OF

BANKS (B); ∆ VALUES ARE RELATIVE TO B=1 FOR EACH MEMORY CAPACITY (C). FOR DS-R1D Q-1.5B, BANKING REDUCES SRAM ENERGY ACROSS

ALL CAPACITIES, WITH THE STRONGEST REDUCTIONS AT B ∈ {8, 16} (BOLD), WHILE FURTHER BANKING YIELDS DIMINISHING ENERGY RETURNS AND

AREA OVERHEAD. GPT-2 XL SHOWS SIMILAR TRENDS BUT IS EVALUATED ONLY AT LARGER CAPACITIES DUE TO ITS HIGHER SRAM REQUIREMENT.

DeepSeek-R1-Distill-Qwen-1.5B

C [MiB]
B=1 B=2 B=4 B=8 B=16 B=32

E A E A ∆E ∆A E A ∆E ∆A E A ∆E ∆A E A ∆E ∆A E A ∆E ∆A

48 12767.6 854.50 10733.1 876.01 -15.9 +2.5 9323.6 911.27 -27.0 +6.6 8883.9 927.88 -30.4 +8.6 9181.2 934.40 -28.1 +9.4 9787.5 954.81 -23.3 +11.7
64 15912.9 1126.74 11932.1 1187.50 -25.0 +5.4 10164.9 1218.42 -36.1 +8.1 9759.2 1235.18 -38.7 +9.6 9621.7 1287.32 -39.5 +14.2 10248.6 1321.18 -35.6 +17.3
80 20085.8 1432.50 13385.8 1457.78 -33.4 +1.8 11667.3 1490.73 -41.9 +4.1 10325.6 1618.55 -48.6 +13.0 10181.8 1645.72 -49.3 +14.9 10606.6 1729.22 -47.2 +20.7
96 23672.2 1696.02 13839.5 1728.07 -41.5 +1.9 12387.5 1763.04 -47.7 +4.0 10963.2 1909.79 -53.7 +12.6 10727.5 1944.08 -54.7 +14.6 11342.2 2091.05 -52.1 +23.3

112 27258.8 1959.54 15898.5 2081.32 -41.7 +6.2 13959.7 2035.35 -48.8 +3.9 12053.8 2201.03 -55.8 +12.3 11461.7 2322.45 -58.0 +18.5 11725.3 2398.99 -57.0 +22.4
128 29904.3 2196.94 17749.8 2280.85 -40.6 +3.8 13866.3 2335.46 -53.6 +6.3 12083.3 2357.82 -59.6 +7.3 11584.9 2425.46 -61.3 +10.4 11946.7 2556.61 -60.1 +16.4

GPT-2 XL

C [MiB]
B=1 B=2 B=4 B=8 B=16 B=32

E A E A ∆E ∆A E A ∆E ∆A E A ∆E ∆A E A ∆E ∆A E A ∆E ∆A

112 52409.9 1959.54 35176.7 2035.35 -32.9 +3.9 27358.0 2081.32 -47.8 +6.2 24829.4 2201.03 -52.6 +12.3 24713.1 2322.45 -52.8 +18.5 25892.2 2398.99 -50.6 +22.4
128 57480.6 2196.94 38996.0 2280.85 -32.2 +3.8 30022.8 2335.46 -47.8 +6.3 26591.3 2357.82 -53.7 +7.3 25394.6 2425.46 -55.8 +10.4 26296.8 2556.61 -54.3 +16.4

for banking candidates evaluated at α=0.9, with ∆ values

computed relative to the unbanked case (B=1) for each

capacity. For DS-R1D Q-1.5B, increasing the bank count

consistently reduces total SRAM energy across all evaluated

capacities. The largest energy reductions are observed for B ∈
{8, 16}. For B > 16, additional banking yields diminishing

energy returns while continuing to increase area.

GPT-2 XL shows similar trends, but the analysis is restricted

to larger capacities (112–128 MiB) due to its higher peak

SRAM requirement. As a result, GPT-2 XL exhibits a narrower

design space with fewer opportunities to exploit idle intervals,

leading to smaller relative gains from banking compared to

DS-R1D Q-1.5B.

Fig. 9 summarizes these results by plotting all evaluated

(C,B) configurations in terms of SRAM energy and area.

The plot highlights the overall trade-off where increasing the

number of banks reduces energy at the cost of higher area. The

DS-R1D Q-1.5B workload consistently achieves lower SRAM

energy due to its reduced and more variable memory demand.

GPT-2 XL’s sustained high occupancy limits banking benefits.

We also observed that the switching overhead had a negligible

impact on overall energy consumption.

Fig. 9. Energy–area trade-off for banked SRAM configurations evaluated
at α=0.9 for both GPT-2 XL (orange) and DS-R1D Q-1.5B (blue) over
various possible memory capacities. Each point corresponds to a different
(C,B) candidate.

These results demonstrate that time-resolved occupancy

traces enable systematic SRAM banking evaluation. GQA

workloads benefit more from banking due to extended idle

intervals, while MHA’s sustained occupancy offers limited

leakage-reduction opportunities.

D. Multi-level Hierarchy

To demonstrate the generalization of our approach beyond

single-SRAM designs, we evaluate our methodology on a

candidate accelerator with multi-level memory hierarchy. Two

Dedicated Memories (DM1 and DM2) are connected to two

of the SAs, alongside the shared SRAM (see Fig. 10). All

three on-chip memories are conservatively sized to 64 MiB,

while the compute subsystem and architectural parameters

remain identical to the baseline configuration used in previous

experiments.

Accelerator
Configuration

SA1

SA2

SA3

SA4

DRAM

D
M
1

D
M
2

S
R
A
M

Fig. 10. Multi-level on-chip memory hierarchy accelerator setup. In addition
to the shared SRAM, two dedicated memories are attached to separate pairs
of systolic arrays and to the shared SRAM, which fetches data from DRAM
and additionally serves as a backup storage.

We evaluate this multi-level memory hierarchy only for DS-

R1D Q-1.5B. The time-resolved occupancy traces indicate

peak requirements of 34.1 MiB for the shared SRAM, and

35.5 MiB and 37.7 MiB for DM1 and DM2, respectively,

which are slightly below the peak requirement observed in

the initial single-memory setup.

Table III reports the CACTI-based SRAM energy/area es-

timates for banking the shared SRAM, DM1, and DM2 inde-

pendently under the multi-level hierarchy at α=0.9. Across

all three memories, increasing the bank count reduces the

estimated SRAM energy, and the relative reduction is larger

than that in the single shared-SRAM case for comparable

capacities. This occurs because occupancy is distributed across

multiple on-chip memories, creating longer and more frequent

idle-eligible intervals within each individual memory.

We observed that introducing dedicated memories also cre-

ates additional data-movement paths between compute units.

In the non-optimized scheduling flow used here, data produced

and stored in one dedicated memory may need to traverse

the interconnect to another memory before being consumed

by a different systolic array. This increased data hopping

and coordination overhead leads to higher end-to-end latency



TABLE III
ENERGY AND AREA ESTIMATES FOR BANKED ON-CHIP MEMORIES IN THE

MULTI-LEVEL HIERARCHY AT α=0.9, EVALUATED INDEPENDENTLY FOR

THE SHARED SRAM AND BOTH DEDICATED MEMORIES FOR

DS-R1D Q-1.5B. ENERGY IS REPORTED IN MJ AND AREA IN MM2 ; ∆
VALUES ARE RELATIVE TO THE UNBANKED CONFIGURATION (B=1) FOR

EACH MEMORY TYPE AND CAPACITY.

C [MiB]
B=1 B=4 B=8 B=16

E A E A ∆E ∆A E A ∆E ∆A E A ∆E ∆A

Shared SRAM

48 15702.4 854.50 5885.6 911.27 -62.5 +6.6 4620.0 927.88 -70.6 +8.6 4216.8 934.40 -73.1 +9.4

64 20171.2 1126.74 6602.4 1218.42 -67.3 +8.1 5096.0 1235.18 -74.7 +9.6 4480.0 1287.32 -77.8 +14.2

Dedicated Memory 1

48 18233.6 854.50 7448.0 911.27 -59.2 +6.6 6059.2 927.88 -66.8 +8.6 6171.2 934.40 -66.2 +9.4

64 23402.4 1126.74 8713.6 1218.42 -62.8 +8.1 6708.8 1235.18 -71.3 +9.6 6451.2 1287.32 -72.4 +14.2

Dedicated Memory 2

48 18636.3 854.50 8460.4 911.27 -54.6 +6.6 7068.3 927.88 -62.1 +8.6 7222.9 934.40 -61.2 +9.4

64 23904.7 1126.74 9674.4 1218.42 -59.5 +8.1 7874.5 1235.18 -67.1 +9.6 7208.9 1287.32 -69.8 +14.2

(550 ms), lower average compute utilization (57%), and higher

total on-chip energy consumption (73.4 J) compared to the

single-level configuration. Our trace-based methodology ap-

plies to arbitrary memory hierarchies, including multi-level

designs, but realizing their full potential requires optimized

data placement and scheduling, which are beyond the scope

of this work.

V. CONCLUSION

We presented TRAPTI, a two-stage workflow for analyz-

ing on-chip SRAM sizing, banking, and power gating for

embedded Transformer inference using time-resolved mem-

ory occupancy traces from simulation. Cycle-level simula-

tion revealed that, under the same accelerator configuration,

the GQA-based DeepSeek-R1-Distill-Qwen-1.5B workload re-

quires substantially less peak on-chip SRAM than GPT-2 XL,

with a 2.72× lower peak utilization, and achieves a 1.89×
faster simulated end-to-end inference time. Using the extracted

occupancy traces for offline exploration, we evaluated banked

SRAM organizations and power-gating policies and quantified

the resulting energy–area trade-offs across feasible memory

capacities and bank counts, revealing up to 78% energy

reduction at α=0.9. Workloads with lower and more variable

memory demand (GQA) provide more gate-eligible intervals

and therefore benefit more from banking and power gating,

while memory-intensive workloads (MHA) offer a narrower

design space. Future work will extend the analysis to deeper

multi-level on-chip hierarchies and incorporate more detailed

transition overhead models and policy sensitivity studies.
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