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Abstract

As neural processing units (NPUs) evolve rapidly to accommodate
the ever-increasing compute demand of large language models
(LLMs), their power consumption is becoming a limiting factor.
Our study shows that using dynamic voltage and frequency scal-
ing (DVFS) to exploit the service-level objective (SLO) slacks is
a promising way to improve NPU energy efficiency for LLM ser-
vices. And as tensor operators in LLMs exhibit diverse bottlenecks
across NPU components, it is desirable to configure the frequency
separately for each component to maximize their energy efficiency.

In this paper, we develop eNPU that enables hardware and soft-
ware support for spatially fine-grained, component-level DVFS on
NPUs. eNPU refactors the NPU core pipeline to partition compo-
nents into separate V/f domains. It introduces lightweight cross-
domain communication mechanisms to mitigate synchronization
overheads across components, and extends the NPU ISA for sub-us
DVFS control. eNPU uses a compiler-driven two-level greedy search
to co-optimize instruction scheduling and per-component V/f selec-
tion under SLO constraints. We implement eNPU’s pipeline design
on an open-source NPU core to verify its functionality and evaluate
the energy savings with a production-level NPU simulator with
various LLMs using production traces. eNPU reduces energy con-
sumption of LLM services by 25.8%-35.2% with 3.45% area overhead
on a TPUv4 chip, while preserving strict SLO guarantees.

1 Introduction

As neural processing units (NPUs) are are widely deployed in cloud
platforms to accelerate large language model (LLM) inference to-
day [8, 32, 60], they have become a major contributor to power con-
sumption in datacenters [27, 45, 54]. It is critical for cloud providers
to maximize the energy efficiency of NPUs while guaranteeing
service-level objectives (SLOs) for LLM services.

We first conduct a study to characterize the energy consumption
of LLM inference on NPUs (see §2.3). We run production LLM infer-
ence traces [55] on NPUs with diverse LLM architectures, includ-
ing both dense (Llama [39]) and mixture-of-experts (MoE) models
(DeepSeek [17]). We quantify the energy consumption and resource
utilization of all major components on an NPU (systolic arrays, vec-
tor units, SRAM, HBM, and ICI, as described in §2.1).

Our study reveals that dynamic energy accounts for 18%-61% of
total energy, and static energy accounts for 27%-55% for serving
various LLM models (Figure 2). The energy consumption pattern
is determined by the diverse resource utilizations of different com-
ponents on an NPU chip (Figure 3), such as the systolic arrays,
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vector units, SRAM, HBM, and ICI (see §2.1). Furthermore, in each
LLM inference request, the utilization pattern changes over time
(Figure 4), as different tensor operators (e.g., matrix multiplication,
softmax) exhibit diverse performance demands on different com-
ponents. For example, the FFN layers during the prefill phase of a
request are often systolic array-bound and underutilize vector units
and SRAM bandwidth, while attention layers during the decode
phase are often HBM-bound and underutilize systolic arrays.

To save static power, a recent study [65] enabled power gat-
ing for NPUs. To save dynamic power, a well-known technique is
dynamic voltage and frequency scaling (DVFS), which has been
widely employed in CPUs [20] and GPUs [10] by adjusting the volt-
age and frequency (V/f) of each CPU core or GPU SM (streaming
multiprocessor). However, DVFS for NPUs remains coarse-grained,
treating the whole NPU core or chip as a single V/f domain [60].
This inevitably misses significant energy-saving opportunities, as it
cannot adjust the V/f of each component in an NPU chip indepen-
dently to precisely match its performance demand. Ideally, we wish
to enable spatially fine-grained DVFS, allowing each component to
operate at its energy-optimal V/f state to maximize energy savings
with minimal negative impact on the performance of LLM serving.

However, realizing spatially fine-grained (i.e., component-level)
DVES on NPUs introduces three major challenges:

First, modern NPUs do not provide architectural support for
component-level V/f domains. The NPU core pipeline is tightly
coupled by design, with all components coordinated through a cen-
tralized frontend (including the vector register file and a scoreboard
for dependency tracking). Supporting independent V/f domains
requires carefully refactoring the pipeline to mitigate frequency
mismatches and cross-domain synchronization overhead.

Second, component-level DVFS complicates compiler scheduling.
Compilers for NPUs statically schedule instructions, relying on
deterministic instruction latencies to perform optimizations. With
component-level DVFS, instruction latencies become frequency-
dependent, and different V/f choices can change both instruction
schedule and the bottleneck of an operator. As a result, the compiler
must co-optimize DVFS decisions and instruction scheduling.

Third, component-level DVFS greatly expands the optimization
space. Prior DVFS techniques assume a single coarse-grained com-
pute domain and only decide how much to slow down each operator
under a performance target. In contrast, component-level DVFS
must jointly determine the V/f state of multiple components for
every operator, creating a search space that is exponentially larger.
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Our solution. We propose eNPU to enable hardware and software
support for component-level DVFS on NPUs.

First, we refactor the NPU core pipeline to support component-
level V/f domains with low hardware overhead. eNPU partitions
the frontend, SA, VU, SRAM, HBM, and ICI into separate V/f do-
mains and introduces lightweight cross-domain communication
mechanisms to preserve throughput at varying frequencies. We
carefully size asynchronous FIFOs to absorb synchronization delays
and introduce a lightweight shadow vector register file to enable
local forwarding within the VU domain, preventing severe pipeline
stalls caused by back-to-back dependent vector instructions.

eNPU leverages the ML compiler to manage DVFS at the tensor
operator granularity. We extend the NPU ISA with a new vf.set
command (Figure 9) that allows software to set the V/f state of dif-
ferent components at sub-ps scale. This compiler-driven approach
exploits the highly predictable execution of ML workloads, allowing
the compiler to accurately determine bottlenecking components
and estimate the performance of a scheduled VLIW code snippet.

The ML compiler must search a massive optimization space—
hundreds to thousands of operators in a request, multiple com-
ponents per operator, and many V/f states per component—for a
solution that does not violate SLO. eNPU decomposes this problem
into two levels. It first performs an operator-level search to iden-
tify near-Pareto-optimal DVFS plans that capture the energy-delay
tradeoff of each operator. Then, it performs a request-level search
to select among the Pareto plans to minimize end-to-end energy
under available SLO slack (slowdown allowed for a request with-
out violating its SLO)'. Since the energy-delay tradeoff of DVFS
is convex (P o V2f), eNPU can efficiently search the Pareto plans
with a simple gradient-descent search, guided by the ML compiler’s
instruction-level cost model that captures how DVFS changes in-
struction latencies and cross-domain synchronization overheads.

To integrate eNPU into the LLM serving stack, we first per-
form offline analysis to identify the optimized DVFS plans for pre-
compiled graphs for various batch sizes, sequence lengths, and
SLO slack settings. At runtime, the request scheduler tracks each
request’s SLO slack and selects the appropriate DVFS plan. eNPU
employs simple safeguards to prevent head-of-line blocking due to
V/f throttling and temporarily locks NPU chips to the peak V/f
state to prevent SLO violations during load spikes.

We implement eNPU’s hardware design with the open-source
Coral NPU core [2]. eNPU incurs 6.16% area overhead on Coral NPU,
and the projected area overhead is 3.45%/3.61% on TPUv4/TPUv5p

(see §3.5). To evaluate eNPU with LLM workloads, we use a production-

level NPU simulator that is validated against real TPU chips. We run

LLM services with various dense (Llama [39]) and MoE (DeepSeek [17])

models using a production trace [55]. At a 0% SLO slack, eNPU
saves 16.9%/18.6% energy for prefill/decode. At a 10% SLO slack,
the savings increase to 22.9%/18.6%. Compared to the state-of-the-
art NPU DVEFS solution, eNPU delivers consistently higher energy
savings, improving over it by up to 9.0%/5.7% for prefill/decode.
Combining eNPU with power gating [65] further achieves up to
31.5% energy savings. We summarize our contributions as follows:

10ur study with real LLM service traces finds that there is abundant SLO slack, offering
opportunities for us to exploit fine-grained DVFS on NPUs for energy saving without
violating SLO of LLM services (see our detailed study in §2.3).
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Figure 1: Architecture of an NPU chip (link between instruc-
tion memory and DMA engine is omitted for clarity).

e We quantify the DVFS opportunities of LLM serving on NPUs,
showing that request-level SLO slack and operator-level compo-
nent underutilization create substantial room for energy savings.

e We propose eNPU, a hardware-software co-design that enables
spatially fine-grained, component-level DVFS on NPUs through
low-overhead pipeline support and ISA extensions.

e We develop a compiler-driven DVFES policy that co-optimizes
instruction scheduling and per-component V/f settings using an
efficient two-level search algorithm.

e We implement and evaluate eNPU with hardware synthesis and
a production-level NPU simulator, demonstrating significant en-
ergy savings while preserving strict SLO guarantees.

2 Background and Motivation

2.1 NPU Architecture

NPU core pipeline. Neural processing units (NPUs) are specialized
machine learning (ML) accelerators. A typical example is Google
TPU [2, 32, 41]. Figure 1 shows the NPU core pipeline. The fron-
tend fetches VLIW instructions and dispatches them in-order. Each
VLIW instruction consists of multiple commands. To prevent data
and structural hazards, the architecture employs a lightweight score-
board using a wait bit per register to stall conflicting commands.
Once issued, commands are routed to specialized execution back-
ends: systolic arrays (SAs) handle matrix multiplications and con-
volutions, while vector units (VUs) execute generic vector compu-
tations such as element-wise and activation functions. Commands
can retire out-of-order, overlapping execution across components.
The memory hierarchy employs an on-chip SRAM (vector mem-
ory) to exploit data reuse and hide the latency of the off-chip High-
Bandwidth Memory (HBM). A Direct Memory Access (DMA) en-
gine orchestrates asynchronous data movement between the SRAM
and HBM. To scale out, multiple NPU chips can be interconnected
via high-speed inter-chip interconnect (ICI) links to form an NPU
pod (typically a 2D/3D torus [72]). The DMA engine orchestrates
remote DMA (RDMA) to access other chips’ HBM or SRAM.
NPU software stack. An ML program is defined as a computation
graph of tensor operators [7, 12, 21, 57]. ML compilers apply op-
timizations such as operator fusion and tiling. For each operator,
the compiler generates low-level commands for each component
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Figure 2: Energy breakdown of an LLM inference request. We
use input/output sequence length 4096/512 as an example.

(e.g., push/pop vectors from/to SAs, vector commands on VUs,
load/store from/to the SRAM, and DMA commands for HBM/ICI
access) and performs static instruction scheduling based on de-
terministic instruction latencies. The compiler performs register
renaming and employs optimizations such as loop unrolling and
software pipelining to exploit instruction-level parallelism (ILP).

2.2 Dynamic Voltage and Frequency Scaling

Dynamic voltage and frequency scaling (DVFS) is a common tech-
nique for managing power and energy consumption. DVFS is en-
abled by three key primitive components as discussed below.
Integrated voltage regulators (IVRs). IVRs convert a high input
voltage to the localized voltage required by a power domain. With
recent packaging technologies, IVRs can be integrated within the
same package as the NPU die, providing nanosecond-scale voltage
transitioning times and high power conversion efficiency [10, 34].
Frequency generation. To enable fast DVFS, IVRs are paired with
a clock generator to adjust frequency in nanoseconds [10]. One
approach uses a phase-locked loop (PLL) to generate a reference
clock and a digital frequency synthesizer (DFS) to quickly select
derivative output frequencies. An alternative approach is using
voltage-adaptive frequency-locked loops (FLLs/DFLLs), which can
adjust output frequency by tracking the supply voltage.

Cross V/f domain synchronization. For voltage domain crossing,
voltage level shifters [29] are used. They incur negligible wiring
delays (typically less than a clock cycle at maximum frequency).
For clock domain crossing, control signals rely on multi-stage flip-
flops to mitigate metastability [40] and recirculation MUX to ensure
data coherency [16]. For high-throughput data buses, asynchronous
FIFOs are employed, which consist of a dual-port SRAM to stage
data and recirculation MUXes to synchronize control signals [40].

2.3 DVFES Opportunities in NPUs

In this section, we quantify the DVFS opportunities of large lan-
guage model (LLM) inference services on NPUs. We cover popular
LLM architectures and different model sizes, including dense models
(Llama3 [39]) and mixture-of-experts (MoE) models (DeepSeek [17]).
As LLM prefill and decode phases have distinct resource demands,
we employ state-of-the-art prefill/decode (P/D) disaggregation [44,
71] and study the P/D phases separately. We use a production-level
NPU simulator (see §3.5) to conduct our study. We study the energy
and resource utilization of all major components (SAs, VUs, SRAM,
ICI, HBM) when running a single LLM request. As LLM requests
have diverse service-level objectives (SLOs) [55], we also analyze
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Figure 3: Per-component utilization of an LLM request.
“Temp.: temporal utilization. “BW”: bandwidth. Numbers
smaller than 0.01% are rounded to 0.

cluster-level scheduling to quantify each request’s SLO slack (i.e.,
how much it can slow down without violating its SLO).

Energy consumption breakdown. We run a single request of
input/output sequence length 4096/512 (see Table 3 for the P/D
node configuration) and break down the component energy in Fig-
ure 2. Since prefill is compute-bound, dynamic SA energy generally
accounts for over 50% of total energy. An exception is DeepSeekV3-
671B, where MoE dispatch/combine incurs high ICI overhead. The
decode phase is memory-bound, so most dynamic energy is spent
on HBM. Static energy accounts for 27%-55% for prefill and decode.
Diverse component utilization. Figure 3 shows per-component
utilization, which correlates with the dynamic energy in Figure 2,
except for the SA exhibits over 70% temporal utilization but con-
sumes little dynamic energy in decode phase. This is because decode
processes a single token at a time, incurring significant SA padding
overhead and underutilizing FLOPS. Underutilized components
draw substantial static energy (27%-44% for prefill and 48%-54%
for decode). Because they are often not critical to end-to-end perfor-
mance, we can throttle their voltage and frequency to save energy
with minimal performance degradation.

Figure 4 further shows component utilization over time. Both
prefill and decode consist of diverse tensor operators, and they
exhibit distinct resource demands on each component. Our profiling
reveals that the average operator execution time ranges from 1.5 ps
to 630.5 us across the evaluated models (see Table 1). This timescale
makes operator-level DVFS feasible with modern IVRs that support
nanosecond-scale transition times [10, 20]. We can adjust the V/f
separately for each component to match the precise demands of
each operator, saving energy with minimal performance penalty.
SLO slacks. LLM requests vary in input/output sequence lengths,
which introduce diverse service-level objectives (SLOs) [55]. More-
over, production LLM services often over-provision resources to
meet SLOs for large requests and load spikes, allowing performance
to be traded for energy savings via DVFS without SLO violation.

To fairly quantify the exploitable SLO slack, we replay a pro-
duction LLM service trace from AzurePublicDataset [55] (see §4.1).
We categorize request sequence lengths into the 33rd/66th/100th
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Figure 4: Utilization of each component over time. Since the transformer layers have the same architecture in each model, we
show a representative time window as an example in each subplot. We do not show DeepSeekV2-236B due to space limitations.

Table 1: 1st percentile (P1), mean, standard deviation, and
99th percentile (P99) operator execution time in different
LLMs. The request input/output sequence length is 4096/512.

Model Phase P1(us) Mean (us) Std(us) P99 (us)
Llama3-70B gg:féle 82(3) 61343 i415 71434:5236 2‘1128535
Llama3.1-405B ngsgge 32(5) 31095_'7660 32%5,5337 1222924
DeepSeekV2-236B g;:gllile ggg 11(?;1551 756965 1;39'20
DeepSeekV3-671B ];)er:gge ggg 1;6433 121125 34();;152

Table 2: SLO settings used in our experiments. Sequence
length percentiles: P33 (input: 1,291; total: 1,313), P66 (in-
put: 2,777; total: 2,802), P100 (input: 7,691; total: 9,071). For
prefill, we use input lengths. For decode, we use total lengths,
as the TPOT is correlated to the total KV cache size.

Model TTFT (sec) TPOT (millisec)
P33 P66 P100 P33 P66 P100

Llama3-70B 0.725 1.488  4.405 91 93 100

Llama3.1-405B 0.803 1.508 5.660 709 709 710

DeepSeekV2-236B  0.642 1302 5158 271 286 339
DeepSeekV3-671B  1.098  2.151 6.113 297 323 412

percentiles and set the SLO target for each request as 5x the single-
request TTFT/TPOT on the minimum number of NPU chips [55].
Table 2 shows the SLO settings. We sweep NPU pod sizes, LLM paral-
lelism degrees, and batch sizes to identify the most energy-efficient
configuration that satisfies the SLO for all requests. We sweep P/D
node counts to determine the minimum cluster provisioning re-
quired to achieve 99% SLO satisfaction across the trace [44, 71].
Table 3 shows the P/D node and NPU pod configurations.

Figure 5 reports the SLO slack over time. For most requests, the
TTFT/TPOT is shorter than 10%/20% of the SLO target. Ideally, they
can be slowed down by up to 10x/5x during prefill/decode without
violating SLOs?. When the request rate increases (i.e., between 14
and 22 hours), the SLO slack drops as the queuing delay increases.

2An alternative way to DVFS is to leverage cluster-level scheduling techniques such
as auto-scaling to reduce the number of NPU chips allocated to an LLM service during
off-peak hours. They can be employed together with eNPU, as eNPU saves abundant
energy during peak hours (see §4.8). Besides, eNPU can also help save energy for a
smaller NPU allocation during off-peak hours.

Table 3: The prefill/decode node and cluster configurations
used in our experiments. “Config” is shown as data/ten-
sor/pipeline/expert parallelism degrees.

Prefill Node Decode Node # of Nodes
Model
Chips  Config. Chips Config. P D
Llama3-70B 4 1/4/1/1 4 1/4/1/1 24 8
Llama3.1-405B 32 1/32/1/1 64 1/64/1/1 24 52
DeepSeekV2-236B 4 1/4/1/1 4 1/4/1/1 24 24

DeepSeekV3-671B 32 1/16/1/2 32 1/16/1/2 36 24
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Figure 5: Normalized SLO slack time over time. For each
request, the SLO slack is computed as (SLO target — actual
latency)/(SLO target). At each timestamp in the graph, the P1,
P25, Avg., P75, and P99 values on the curves represent the SLO
slack distribution of all requests finished in the past 5-min
time window (e.g., 5-min rolling window). We plot Llama3-
70B as an example (other models have a similar trend).

However, at least 75% of requests still have more than 80% SLO
slack during prefill (similarly for decode). A few requests (less than
1%) violate their SLOs and have negative slacks. This aligns with
our goal of 99% SLO satisfaction rate.

2.4 Challenges of Component-Level DVFS

DVFS techniques are widely studied in CPUs/GPUs. They typically
employ multiple V/f domains across homogeneous cores, along with
a separate uncore domain (last-level cache, memory controller, etc.).
However, an NPU chip typically features a large core consisting of
heterogeneous components (SA, VU, etc.). Enabling component-level
DVEFS on NPU chips introduces unique challenges.



Enabling Spatially Fine-Grained DVFS in Neural Processing Units for Energy-Efficient LLM Serving

Monolithic NPU pipeline vs. independent V/f domains. Con-
ventional NPU pipelines are tightly coupled: a centralized frontend
dispatches commands to components, which share data via the
register file. Component-level DVES requires decoupling them into
separate V/f domains and inserting asynchronous FIFOs and volt-
age level shifters between domains. This requires every instruction
to cross V/f domain boundaries twice (dispatch and retire), sig-
nificantly inflating instruction latency. This can severely degrade
performance when dependent instructions are close to each other,
such as elementwise or reduction operators on the VU, as the com-
piler cannot find enough independent work to hide the extra delay.
Thus, component-level DVFS requires careful refactoring of the
NPU core pipeline beyond simply inserting domain-crossing logic.
Statically scheduled VLIW ISA vs. frequency-dependent in-
struction latencies. Modern NP Us use a statically scheduled VLIW
ISA to reduce hardware complexity. The ML compiler assumes de-
terministic instruction latencies to perform low-level optimizations
such as loop unrolling, software pipelining, and VLIW instruc-
tion packing [32, 41]. With component-level DVFS, instruction
latencies become frequency-dependent. Changing frequency of
one component can alter the optimal instruction schedule (e.g.,
changing software pipeline depth or loop unrolling factors) or shift-
ing the bottleneck of an operator, such as from compute-bound to
memory-bound. This makes prior DVFS approaches ineffective, as
they assume a fixed code sequence and only search for the best
DVFS setting for that fixed schedule [60]. Instead, the compiler
must co-optimize instruction scheduling and DVFS decisions.
Complex DVFS plan search space. Prior compiler-assisted DVFS
techniques for NPUs typically assume a single coarse-grained com-
pute domain and decide how much each operator can slow down
under a performance target [60]. With component-level DVFS, we
must determine the V/f state of all components for every operator.
This expands the search space combinatorially. As each candidate
V/f plan may change instruction latencies, scheduling decisions,
and operator bottlenecks, the compiler cannot rely on simple heuris-
tics over a fixed code sequence. We need a systematic approach to
efficiently explore the component-level DVFES search space.

3 Design and Implementation

We propose eNPU, a hardware-software co-design for component-
level DVFS on NPUs. eNPU partitions the NPU into separate V/f
domains (§3.1). It exposes fine-grained DVEFS control by extending
the NPU ISA (§3.2), which enables the compiler to control DVFS
(§3.3). At runtime, the LLM serving system tracks request-level SLO
slack and applies eNPU’s DVEFS decisions (§3.4).

3.1 Hardware Support for Fine-Grained DVFS

In this section, we present the necessary hardware support for
enabling component-level V/f domains on NPUs.

Fine-grained V/f domains. Figure 6 shows the component-level
V/f domains in eNPU. Each domain is powered by its own IVR
and clock generator. The frontend domain coordinates the NPU
execution, so its frequency must be higher than all other domains
to avoid becoming a bottleneck. The SA, VU, and SRAM domains
exchange data via the register file in the frontend.
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Figure 6: NPU core pipeline divided into different V/f do-
mains. Each V/f domain is marked by a dashed green box.
The asynchronous FIFO queues used for inter-domain syn-
chronization are also in green. The queues for HBM and ICI
controllers are omitted from the figure for simplicity.

The HBM and ICI domains include on-chip controllers, I/O links,
and DRAM dies. While the controller is standard CMOS logic and
supports DVFS by default, the V/f of I/O and DRAM core are
defined by strict standards [30]. To abstract this complexity, eNPU
interfaces directly with the HBM/ICI controller, allowing software
to set a target frequency state (see §3.2). The controller then utilizes
an internal lookup table to select the appropriate V/f for the I/O
link or DRAM dies. This design ensures eNPU seamlessly supports
both current-generation hardware with controller-only DVFS and
future standards that support different I/O voltages or DRAM core
voltages, such as HBM4 [31]. We evaluate both scenarios in §4.
Cross-domain communications. For the SA, VU, and SRAM,
eNPU replaces the command queues, output FIFOs, and load/store
queues with async FIFOs and voltage level shifters. Each async
FIFO must be sized appropriately to avoid pipeline bubbles at mini-
mal hardware cost. Let T; and T, be the clock periods of the input
(producer) and output (consumer) domains. To sustain maximum
steady-state throughput, the FIFO must absorb the round-trip feed-
back latency of synchronizing the gray-coded read/write pointers
via 3-stage flip-flops. Synchronizing the write pointer to the output
domain takes 5T, (1 cycle for phase alignment, 3 cycles for the
flip-flops, and 1 cycle for logic). Similarly, synchronizing the read
pointer to the input domain takes 57T;. The round-trip latency is

Tyt = 5T; + 5Tp. (1)

Assuming the FIFO input/output rate is 1 entry/cycle (we can use
multiple FIFOs to scale the rate), the maximum steady-state pipeline
throughput is 1/max(T;, T, ), and the minimum queue depth is

1 }_{ 5T; + 5T, } 5
max(T;, Tp) |~ | max(T;, T,) | @

In the worst case, Depth = 10 when T; = T,. Hence, each async FIFO
in eNPU has a minimum depth of 10 to prevent pipeline stalling
due to cross-domain synchronizations.

VU internal forwarding. Many operators issue back-to-back data-
dependent commands, especially elementwise and reduction op-
erators on VUs; profiling shows that in at least 50% of cases, data-
dependent VU instructions are separated by at most 3 independent
instructions. Figure 8 quantifies the dependency distances (i.e., dis-
tance is 1 for consecutive commands, and n+1 for those separated by

Depth = "Tr[ .
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(a) Original execution timeline.  (b) Execution timeline with cross-d

in dispatch/writeback (CDDW). (c) Exec. timeline with CDDW using shadow vector register file.

Figure 7: Example of instruction execution timeline with/without VU internal forwarding. VU frequency is set to the frontend
frequency in (a), and halved in (b) and (c). Same-color commands have back-to-back data dependencies and must execute in
order. FE: frontend. Trg: frontend clock period. Tyy: VU clock period. For simplicity, domain crossing takes 1 cycle in each

domain (i.e., only clock phase alignment is accounted for).
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Figure 8: Dependency distances of VU commands in represen-
tative Llama3-70B layers, with input/output sequence length
4096/512, for the generated VLIW bundles on TPUv4 chips.

n commands) for all pairs of data-dependent VU commands in rep-
resentative LLM layers. Only immediate (direct) dependencies are
included. With the V/f domain crossing, the frontend scoreboard
enforces that a consumer command cannot be dispatched until its
producer retires, so each command must wait for the complete
round-trip latency of the previous command. This incurs pipeline
bubbles that cannot be easily hidden via compiler optimizations.

As an example, Figure 7a shows the execution timeline of two
pairs of VU commands (the dependency chainis I0—I2 and I1—13)
with dependency distance 2 without V/f domain crossing overhead.
Assuming VU frequency is halved, with domain crossing overhead
(FE->VU and VU->FE in Figure 7b), the IPC (commands per fron-
tend cycle) drops from 1 to 0.31. The compiler must find at least 6
independent VU commands to achieve the ideal IPC of 0.5.

To address this issue, we employ a lightweight shadow vector reg-
ister file in the VU domain so that register values can be forwarded
to dependent VU commands without crossing between VU and
frontend. To avoid extra hardware scheduling logic, the n shadow
registers map to the first n architectural registers. eNPU leverages
the compiler to manage shadow registers. The compiler calculates
priority for register allocation based on dependency distance be-
tween each producer-consumer command pair. If the dependency
distance between two commands is long enough to hide the FE-VU
round-trip (T,; in Equation (1) plus VU execution delay), they can
directly access the FE regfile without stalling, so shadow registers
should not be allocated. Otherwise, the shorter the dependency

Other slots (SA, VU, Id/st, etc.) Misc. Slot
¥

Vs
| II vf.set |(reserved)| $freq_state | $sync |0| $domain7mask|
opcode (2 bits)

Target Frequency  Sync/Async V/f Domain Mask
State Index (8 bits) (1 bit) (6 bits)

| ]l vf.set |%src,sreg,1h |%src,sreg,uh | $sync |1| $domain_mask |

opcode Source Scalar Register Pair (2x5 bits)

Figure 9: ISA extension for component-level DVFS.

distance is, the longer the FE would stall without forwarding, so
the compiler prioritizes command pairs with shortest dependency
distances, assigning the first n architectural registers when possible.

Alocal scoreboard in the VU domain enforces data dependencies
involving shadow registers; the frontend does not stall for VU com-
mands that depend on them. As shown in Figure 7c, this forwarding
mechanism achieves ideal IPC without requiring extra independent
commands, despite the longer pipeline warmup.

3.2 ISA Extension for ps-scale DVFS on NPUs

As tensor operators execute on a us-scale (see Table 1), it is desirable
to enable software DVFS configuration at sub-ys scale. To do so,
we extend the NPU ISA with a new command “vf.set”, as shown
in Figure 9. The command occupies the “misc.” slot in a VLIW
instruction and can be issued concurrently with SA, VU, and SRAM
commands in other slots. It offers two variants for flexibility.

The first variant encodes target frequency as an 8-bit immediate
value ($freq_state). This can encode up to 256 distinct frequency
states, which is typically sufficient for fine-grained DVFS (in §3.5,
we use 6 bits to encode 34 states from 0-1.7GHz at every 50MHz
step). eNPU uses a lookup table for each component to map each fre-
quency state to its minimum required voltage level. $domain_mask
specifies which components (frontend, SA, VU, SRAM, HBM, and
ICI) to adjust the V/f state. All selected components are scaled to
the same target frequency, which is useful for setting all underuti-
lized components in an operator to the lowest V/f level or resetting
them to the peak frequency. The $sync field specifies whether the
vf.set is blocking. An asynchronous vf. set only blocks the target
components, allowing other components to continue execution.

To allow independent V/f adjustments of multiple components
in one command, the second variant takes two 32-bit scalar registers
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as operands. The two registers are concatenated, and the lower
48 bits are taken as the target V/f states of all domains. Using
register operands requires first loading the V/f state values into
scalar registers, which typically take an extra 1-3 scalar commands
(like 1ui and addi in RISC-V). As a VLIW bundle typically contains
multiple scalar slots but only one misc. slot, this can save the number
of bundles required compared to the first variant. The bit fields for
domains that are masked out are ignored by vf. set.

3.3 Software-Managed DVFS

Given the SLO slack of an LLM request, eNPU leverages the ML
compiler to select an optimized DVFS plan. This requires navigating
a combinatorial search space defined by hundreds to thousands of
operators, 5 components to configure per operator, and 34 frequency
choices - a total of (34°)1°00 ~ 107657 DVFS plans.

To systematically navigate this search space, eNPU relies on

three key insights. First, we can safely decouple the global search
space into tractable operator-level and request-level search spaces.
Second, because the energy-delay trade-off is generally convex (P «
V2f), a greedy gradient descent works effectively to find optimized
configurations. Third, as we can accurately calculate per-instruction
domain crossing delay (see §3.1), we can build a cycle-accurate
performance model based on the static instruction schedule within
the compiler to rapidly assess a DVFS plan’s execution time.
ML compiler workflow. The compiler takes the sequence of op-
erators in an LLM request and its SLO slack as inputs and performs
two passes of DVFS plan explorations. Modern ML compilers like
XLA [21] and PyTorch [7] typically assume static computational
graphs with known tensor shapes and bounded loops. This enables
accurate cost models and allows the compiler to perform aggressive
compilation-time optimizations, such as tiling, operator fusion, and
memory layout selection, based on the tensor shapes.

eNPU performs the DVFS plan search after the compiler has
finished all optimizations and generated the final VLIW instruction
schedule for each operator. For each operator, eNPU generates
DVES plans that closely estimate the Pareto frontier of energy-
delay tradeoffs. Then, it iteratively picks an optimized DVFS plan
from the Pareto frontier of each operator until exhausting the SLO
slack and generates the NPU program with vf.set commands.
Operator-level exploration. To perform static instruction sched-
uling, NPU compilers typically use an instruction-level cost model,
which takes instruction latencies and a sequence of VLIW bundles
to evaluate the execution time of an operator. DMA/RDMA opera-
tions for HBM/ICI use a well-established link model [3, 5]. eNPU
reuses this cost model with new instruction latencies determined
by the frequency setting and domain-crossing delay (Equation 1).

For each operator, there are 34> ~ 45M possible DVFS plans.
eNPU uses gradient descent to identify the (approximate) Pareto
plans that represent the optimal energy-delay tradeoffs for this
operator, as shown in Algorithm 1. It starts with the lowest frequen-
cies for all components, which represent the plan with the largest
execution time (line 2). In each iteration, it generates the next set
of candidate plans by incrementing the frequency of one or more
components to the next available frequency point, yielding up to
2% —1 = 31 plans (line 5). The candidate plans are evaluated with the
cost model, and eNPU picks the next plan to be the one that achieves
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Algorithm 1: Operator-level DVFS plan exploration.

1 Function get_pareto_plans_for_op(op):

// start with lowest frequencies (50MHz) for all components
2 cur_plan « (50, 50, 50, 50, 50)

3 explored_plans « { cur_plan}

4 while any(c < MAX_FREQ for c in cur_plan) do

// increment freq of > 1 components (up to 31 plans)
5 candidates < generate_next_candidates(cur_plan)
6 best_cand <« null
7 best_gradient « oo
8 for cand in candidates do
// evaluate candidates using cost model
9 AE, AT « evaluate_diff(cur_plan, cand)
// pick plan with the best energy-delay tradeoff
10 if AT < 0 and (AE/|AT|) < best_gradient then
1 best_gradient «— AE/|AT)|
12 best_cand «— cand
// stop if no candidate achieves better performance
13 if best_cand is null then
14 ‘ break
15 cur_plan « best_cand
16 explored_plans «— explored_plans U { cur_plan }

// post-processing pass to filter out Pareto plans
17 pareto_plans « filter_pareto_plans(explored_plans)
18 return pareto_plans

the best tradeoff between energy and execution time (i.e., the plan
with the smallest AE/AT where AE and AT are the differences in
energy consumption and execution time between the current and
candidate plans) (line 8-12). The algorithm stops when no candidate
plans achieve better performance or all components reach peak
frequency. The selected plan in each iteration is recorded, and a
final post-processing pass filters out Pareto plans from the explored
plans (line 17). In the worst case, the greedy search increments only
one component’s frequency per iteration, so the maximum number
of evaluated plans per operator is 5 X 34 x (2° — 1) = 5270.
Request-level exploration. Given the Pareto plans for all oper-
ators, eNPU iteratively searches for the request-level DVFS plan
that minimizes energy consumption without violating SLO, using
a similar heuristic based on the AE/AT gradient. eNPU starts with
the fastest Pareto plan for each operator. In each iteration, it picks
the operator whose next plan on the Pareto frontier saves the most
energy with the least performance degradation and updates the
plan. The algorithm stops if either the SLO slack or candidate plans
are exhausted. In the worst case, the request-level search takes
O(NP) iterations, where N is the number of operators and P is the
number of Pareto plans per operator.

3.4 LLM Serving System Integration

Offline DVFS plan generation. In production LLM serving sys-
tems, multiple graphs are compiled ahead-of-time before service
deployment for various pre-bucketed batch sizes and sequence
lengths. At runtime, the request scheduler [36] selects the most
appropriate pre-compiled graph to execute. The batch size and
sequence length are padded to the smallest bucket that can accom-
modate them, avoiding runtime compilation overhead. Background
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compilation of extra buckets can be triggered if an unseen batch
size or sequence length becomes frequent. eNPU additionally gen-
erates the DVFS plan for each batch size, sequence length, and SLO
slack. The generated results can be shared by all services using
the same backbone LLM. By default, eNPU compiles graphs for
all power-of-2 batch sizes from 1 to 16 and multiple-of-16 batch
sizes beyond 16, up to 256. For sequence lengths, it uses 128-token
increments up to 1024 tokens and doubles the increment at each
subsequent power-of-2 boundary, e.g., 256-token increments up
to 2048 and 512-token increments up to 4096 [36]. For each graph,
eNPU covers an SLO slack of 0%, 2%, 5%, and 10%, which are suffi-
cient for achieving most DVFS benefits (see Figure 11). This yields
at most 1728/2112/2304 compilations for up to 128K/512K/1M se-
quence length. The compilation time is manageable, as this can be
done offline just once with massive CPU cores (see §4.3).
DVFS-aware request scheduling. At runtime, the request sched-
uler picks requests from a queue to form a batch [36, 70]. eNPU
preserves the batching policy of the request scheduler, which is
typically designed to maintain SLO and improve system throughput.
eNPU tracks each request’s queuing delay, Ty, and computes its
target execution time Tyqrger = SLO — Ty. After forming a batch,
eNPU looks up the best DVFS plan based on the batch size, se-
quence length, and the smallest T;4rges in the batch. To ensure SLO
for all requests in a batch, eNPU selects the DVFS plan assuming
all requests have the same sequence length as the longest request.
Slowing down the execution of a batch to save energy may
exacerbate head-of-line blocking for subsequent requests. When
the system is stressed by load spikes or during peak hours, slowing
down the execution causes the entire system throughput to drop
proportionally, which can cause significant SLO violations. To avoid
this, eNPU enforces two safeguard rules. First, it adjusts the Tyqrges
of a batch such that it will not directly cause any request in the
queue to violate SLO. Second, it monitors the SLO satisfaction rate
in the past time window (5 minutes by default) and temporarily
locks the NPU chips at the peak frequency if the SLO drops under
a specific target (e.g., more than 1% of requests violate SLO).
Support for custom operators. By default, modern ML compilers
like XLA [21] and PyTorch [7] assume static computational graphs.
For MoE models, dynamic behavior (e.g., varying token counts for
MOoE experts) is often implemented as a custom operator with a
custom cost model; the ML compiler can treat this custom operator
similarly to other compiler-generated ones during cost-model-based
optimizations. For example, the execution time of an MoE expert
depends on the number of tokens assigned to it. By default, the cost
model uses an expert capacity factor [25] to estimate the worst-case
token count for an expert®, and eNPU conservatively selects DVES
plans that will not violate SLO, despite sacrificing potential DVFS
opportunities. The user can adjust the expert capacity factor for
eNPU based on real workload profiling and SLO requirements.

3.5 Implementation

Hardware synthesis. To verify eNPU’s pipeline design (§3.1), we
implement our design based on the open-source Coral NPU core [2],
which is an in-order 4-issue RISC-V core with a RISC-V-compliant

3The expert capacity factor measures the ratio between the token count for the most
loaded expert and the average token count for all experts.
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Table 4: Area and power overhead breakdown of eNPU for the
Coral NPU core prototype [2]. All percentages are normalized
to the total area of the original Coral NPU core.

Area Power (mW)

(um?) (%) | @ 0.7V, 500MHz
Frontend 11,853.0 4.07% 3.287
Systolic Array (16 X 16) 214,850.4 73.74% 127.074
Vector Unit (128-bit) 46,251.2 15.87% 14.509
SRAM (32KB) 11,007.5 3.78% 1.346
FE <> SA Sync FIFO (16 Entries) 2,790.7 0.96% 2.002
FE & VU Sync FIFO (16 Entries) 3,337.4 1.15% 2.394
FE <> SRAM Sync FIFO (4 Entries) 1,287.2 0.44% 3.683
Original NPU Core Total 291,377.4 100.0% 154.295
Fixed-Voltage IVR [68] 1,800 0.62% -
FE & SA Async FIFO (26 Entries) 4,570.6 1.57% 2.007
FE & VU Async FIFO (26 Entries) 5,465.6 1.88% 2.400
FE & SRAM Async FIFO (14 Entries) 4,540.7 1.56% 3.692
Shadow Vector Regfile (4 Regs) 261.1 0.09% 0.747
Voltage Level Shifters (FE-SA) 1858.5 0.64% 2.40
Voltage Level Shifters (FE-VU) 2222.4 0.76% 2.86
Voltage Level Shifters (FE-SRAM) 1846.3 0.63% 2.38
eNPU Core Total 304,727.3 104.58% 162.702
DVFS-Enabled IVR [10, 34] 6418.5 2.20% -

vector core (VU), a custom 16 X 16 matrix core (SA), and SRAM. We
implement vf. set (§3.2) as a custom RISC-V control instruction and
added the async FIFOs and shadow vector register file to the pipeline.
We use unified power format (UPF), a standard format to specify
power-related settings in EDA tools [1, 13], to define voltage islands
for the frontend, SA, VU, and SRAM. We synthesized and placed &
routed the pipeline in Synopsys with ASAP7 PDK [15]. For async
FIFOs, we use default queue size +10 for each component based on
our analysis in §3.1. Table 4 lists the area/power breakdown. eNPU
incurs 6.16% area overhead in total: eNPU’s microarchitecture and
voltage level shifters incur 4.58%/5.45% area/power overhead for the
Coral NPU core; the DVFS-enabled IVR incurs 1.58% area overhead
compared to a fixed-voltage IVR*.

The overhead will be relatively smaller for larger NPU chips
whose SAs/VUs and their FIFO sizes are larger. The IVR area scales
with the chip’s peak power, which is typically manageable for
modern datacenter Al chips [10]. As projected in Table 5, for a
TPUv4/TPUv5p chip [32, 59], the total area overhead is 3.45%/3.61%,
with 0.46%/0.4% due to eNPU’s structures, 0.4%/0.37% due to voltage
level shifters, and 1.34%/1.54% due to the DVFS-enabled IVR.
Simulator methodology. We build our simulator framework mod-
els eNPU at instruction-, request-, and LLM service-level.

First, we build an instruction-level performance model to esti-
mate the impact of eNPU’s NPU pipeline changes. It takes the VLIW
assemblies for each operator (dumped from the XLA compiler in a
Cloud TPUv4 VM [58]), reconstructs the instruction dependencies,
and estimates the execution time under different V/f settings by
accounting for frequency-dependent instruction latencies, async
FIFO delays, and VU internal forwarding (see §3.1). As the TPU
compiler is proprietary, we build our own instruction scheduling
passes (including loop unrolling and software pipelining) based on
the reconstructed instruction dependency graph and implement

“Even without DVFS, a fixed-voltage IVR is necessary for mitigating transient voltage
droops and improving off-chip power delivery efficiency.
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Table 5: Projected area overhead of eNPU on real TPU chips.
The SA/VU sync FIFO is per SA/VU. The SRAM sync FIFO
is per chip and scales with the number of read/write (R/W)
ports. Each FIFO entry has the same size as a vector register.
*TPUv5p die area is not publicly disclosed, so we use NVIDIA
A100 GPU’s die area [42] as a proxy, as this is one of the
biggest 7nm dies given the reticle size limit.

Parameter TPUv4 TPUv5p

# of SAs/VUs/SRAM Ports 8/4/4 8/6/6

Vector Register Size 4KB 4 KB

SA/VU/SRAM Sync FIFO Depth 16/16/16 16/16/24

SA/VU/SRAM Async FIFO Depth 26/26/26 26/26/34
(mm?) % (mm?) %

Original Total Die Area 600  100% *826  100%

FE < SA Sync FIFO 2405640  0.40%  2.405640 0.29%
FE < VU Sync FIFO 1.202820  0.20%  1.804230 0.22%
FE < SRAM Sync FIFO 0.601410  0.10%  1.353172 0.16%

Fixed-Voltage IVR [68] 3.27  0.54% 516  0.62%

3.939825 0.66%  3.939825 0.48%
FE < VU Async FIFO 1.969912 0.33%  2.954869 0.36%
FE < SRAM Async FIFO 0.984956 0.16% 1.932029 0.23%
Shadow Vector Regfile (8 Regs/Chip)  0.075176 ~ 0.01%  0.075176  0.01%
Voltage Level Shifters (FE-SA) 1379705  0.23%  1.379705  0.17%
Voltage Level Shifters (FE-VU) 0.689853  0.11%  1.034779  0.13%
Voltage Level Shifters (FE-SRAM) 0.344926  0.06%  0.676586  0.08%

FE <> SA Async FIFO

DVFS-Enabled IVR [10, 34] 113 1.88% 17.82  2.16%
Total Area Overhead 20.68 3.45% 29.81 3.61%
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Figure 10: Power usage and minimum required voltage of
components at various performance levels (peak frequency
or bandwidth). The SA/VU plot shows the power of a single
SA/VU. The SRAM plot uses 128MB SRAM with six read/write
ports. For HBM, the total power includes on-chip controller,
I/0, and HBM die. For ICI, the total power includes controller
and I/0. For all plots, we show the power at peak component
utilization (i.e., peak achievable FLOPs/sec or bandwidth).

eNPU’s DVEFS algorithm (§3.3). We validate this performance model
on different operator types on a TPUv4 chip.

For request-level simulation, we use a production-level NPU chip
simulator that simulates each component (SA, VU, SRAM, ICI, and
HBM) at tile level. Taking the model graph as input, it computes
each operator’s per-component execution time using the tile shape,
FLOPs per tile, and component-specific parameters (e.g, SA/VU
width, HBM/ICI bandwidth), plus SRAM, HBM, and ICI traffic. The
per-component execution time is validated against real TPU chips
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Table 6: NPU chip and IVR specifications used in our simula-
tions. The NPU chip data are based on TPUv5p [65]. The IVR
data assume a hybrid 22 nm SCVR/DLDO design [10, 34].

Parameter Value
TFLOPS (bf16) 459
# of SAs/VUs 8 SAs & 6 VUs, 32 architectural vector registers

SA Config. 128x128 (bf16 MAC)

VU Config. 8x128 SIMD ALU, 4 shadow vector registers
SRAM 128 MB, six 128X8X4B read/write ports
HBM 95 GB, 2765 GB/s

ICI 3D torus, 6 links/chip, 100 GB/s/link

DCN 50 GB/s/chip

IVR Transition Delay 4ns/54mV

Vin — Min/Max Vg,
Power Conversion Eff.
Clock Frequency

075V —> 045V /0.7V
SCVR: 63%@0.45V; DLDO: 44%@0.45V-87%@0.7V
0 (clock-gated)-1.7 GHz, 50 MHz steps

across operator types and tensor shapes. The simulator scales exe-
cution time and power of each component based on the selected
V/f, models V/f transitioning delay and IVR power conversion
loss, and invokes the instruction-level model to quantify the impact
of domain-crossing delay and shadow vector regfile size.

We combine the performance simulator with a power model
to derive energy consumption. As TPUs lack a publicly available
power-measurement API, we build our own power model based on
RTL prototypes of SA, VU, and SRAM, plus public datasheets for
HBM [6, 19, 31, 48] and Google’s datacenter optical network [53].
We use Synopsys to synthesize our components with ASAP7 [15],
using the nominal 0.7V supply voltage and a 1.7GHz frequency tar-
get (to roughly match TPUv5p). Then, we use Synopsys PrimeTime
to estimate static and dynamic power at different V/f corners. Fig-
ure 10 shows the power of each component. For HBM, we include
two power models: “HBM (Ctrl-Only)” fixes the voltage of I/O link
and DRAM dies and only scales the V/f of on-chip memory con-
troller. This resembles current HBM technology that requires fixed
I/O and DRAM core voltages for stability [30]. “HBM (Full)” ad-
justs V/f for both controller and I/O link, reflecting the new HBM4
standard [31] that specifies multiple I/O voltage levels. For ICI, we
only apply DVEFS to the controller, as the physical link is optical.
We validated our power model against published data [32, 56, 65]:
the estimated TDP of a TPUv3/TPUv4 chip is within 4%/8%.

To evaluate eNPU at LLM service level, we use the request-level
simulator as backend to build a cluster simulator, which replays
LLM inference service traces and evaluates latency, end-to-end
throughput, and SLO satisfaction rate. It implements the same
request routing and continuous batching policies as a production
LLM serving engine [36]. It also models the KV cache transfer
between prefill/decode instances [44, 71]. We validated the system
throughput and TTFT/TPOT of the cluster simulator against vLLM
deployment [36] on a Cloud TPUv4-64 instance.

4 Evaluation

We show that: (1) At 0% performance degradation threshold, eNPU
saves 16.9%/18.6% energy for LLM prefill/decode. As the thresh-
old increases to 10%, its energy savings rise to 22.9%/18.6%. eNPU
achieves 8.4%-9.0% (prefill) and 5.7% (decode) higher energy savings
than the state-of-the-art NPU DVFS solution (§4.2) on average. (2)
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Figure 11: Energy saving (top), power saving (middle), and performance overhead (bottom) of an LLM request, given different

SLO slacks (i.e., performance degradation thresholds).
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Figure 12: Component-level breakdown of energy savings
in an LLM request. The bars from left to right are: NoD VFS,
DVFS-C, eNPU-C, eNPU-All, and Ideal. Due to space limita-
tions, we show the breakdown of Llama3-70B as an example.
We only show 0% and 2% performance degradation thresh-
olds for decode, as the energy savings already saturate at 2%.

eNPU’s compiler-driven DVFS algorithm efficiently navigates the
huge search space (§4.3). We also analyze eNPU’s overhead (§4.4)
and its sensitivity to the shadow vector register file size (§4.5). (3)
eNPU’s benefits generalize to different temporal DVFS granularities,
V/f domain count, sequence lengths, and expert load imbalances
in MoE models (§??). (4) Combining DVFS and power gating can
further achieve up to 30%/31.5% energy savings for prefill/decode
(§4.7). (5) For end-to-end LLM services, eNPU achieves 25.8%-35.2%
energy savings with strict SLO guarantees (§4.8).

4.1 Experimental Setup

Workloads. We evaluate four LLMs, including dense (Llama) and
MOoE (DeepSeek) models. We study prefill and decode separately
since they exhibit distinct resource demands, following state-of-the-
art prefill/decode disaggregation (PDD) [44, 71]. We evaluate both
single-request (§4.2-§4.7) and LLM service-level (§4.8) benefits. For
single-request evaluation, we use 4096/512 input/output sequence
lengths and study different performance degradation thresholds
(i.e., SLO slacks). We study other sequence lengths in §4.6. For
service-level evaluation, we replay production traces [55] (Table 2
and Table 3 for the SLO targets and cluster setup). As the trace
only contains timestamps and input/output sequence lengths per
request with no prompt or output content, we simulate the worst-
case expert capacity factor [25] for MoE models by default. We
study different capacity factors in §4.6.
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Simulator setup. We use TPUv5p [59] specifications (see Table 6).
We use a modern IVR design [10, 34] that achieves high power
conversion efficiency and fast V/f scaling delay.

Baselines. We compare five designs: (1) NoDVEFS: the NPU chip
always runs at peak V/f. It employs a fixed-voltage IVR with a
89%-93% power conversion efficiency [68]. It does not incur do-
main crossing overhead. (2) DVFS-C [60]: the state-of-the-art NPU
DVES solution, which scales the V/f of the compute domain (SA,
VU, and SRAM). To ensure fair comparison, we use the ns-scale
IVR transition delay in Table 6 and modify the design’s genetic
algorithm to search for the optimal compute domain frequency per
operator, instead of per ms-scale epoch as originally proposed. We
study temporal DVFS granularity in §4.6. (3) eNPU-C: our design
with DVFS for HBM controller but not I/O and DRAM dies. (4)
eNPU-AIL: our design with full DVFS for HBM controller and I/O
link. (5) Ideal: this design uses exhaustive search for operator-level
and greedy search for request-level exploration (as sweeping all
request-level plans is impossible); it assumes IVR power conversion
loss, but no V/f scaling delay or domain crossing overhead.

4.2 Energy and Power Savings

We first analyze energy/power savings for a single LLM request
with input/output sequence length 4096/512, as shown in Figure 11.
We study various performance degradation thresholds (i.e., SLO
slacks). As power-saving mirrors energy, we focus on energy below.
Overall energy savings. With the entire compute core (SAs, VUs,
and SRAM) as a single V/f domain, DVFS-C achieves 12.8%-19.1%
energy savings for prefill and 9.2%-18.1% for decode, compared
to NoDVFS. DVFS-C’s energy saving at low SLO slacks is limited,
however, as it must set a uniform frequency for all components,
forcing them to follow the bottleneck component’s frequency. In
contrast, eNPU-C precisely throttles each component to its opti-
mal frequency. It achieves 7.2%/5.4% (prefill/decode) higher energy
savings than DVFS-C at 0 SLO slack and 6.4% (prefill) at large SLO
slacks. eNPU-C converges to its maximum energy savings at a much
lower performance degradation threshold as compared to DVFS-C.
eNPU-AIl achieves slightly better energy savings than eNPU-C by
allowing DVFS for HBM I/O voltage, and it closely tracks Ideal. The
limited extra saving of eNPU-AIl is due to the fixed DRAM core
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Table 7: Number of explored DVFS plans with 20% perfor-
mance degradation threshold. “Op.”: Operator-level plans.
“Req.”: Request-level plans.

DVFs-C eNPU-All Ideal

Op. Req. Op. Req. Op. Req.
T
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voltage in current HBM generations; supporting DRAM-core DVFS
could further improve memory energy efficiency.

Prefill vs. decode. For prefill, most designs reach maximum energy
savings at ~10% SLO slack since prefill is compute-bound and offers
headroom to trade performance for energy by throttling SA, VU, and
SRAM. As their power scales super-linearly with frequency (P «
V2f), additional slack enables further energy savings. In contrast,
decode reaches maximum energy savings at 0-2% SLO slack since
decode is memory-bound and HBM dominates dynamic energy (see
Figure 12). The HBM subsystem has a near-linear power-frequency
relationship (see Figure 10), so lowering frequency reduces power
only near-linearly and extends execution time linearly, yielding
minimal net energy reduction while increasing static energy for
other components. Thus, most decode energy savings come from
throttling non-bottlenecking compute components (SA, VU, and
SRAM) to reduce static power.

4.3 Analysis of eNPU’s DVFS Plan Search

Operator-level search. Table 7 shows how eNPU tackles the com-
binatorial search space of component-level DVFS. Because DVFS-C
restricts its search space to a coarse-grained V/f domain (34 V/f
choices per operator), it only evaluates 578-1,394 total operator-
level plans across unique operators (LLMs repeat many operators
across stacked transformer layers). eNPU’s component-level DVFS
unlocks 34° ~ 45M possibilities per operator; its two-level gradient
descent explores 15K-38K plans to discover near-Pareto ones.

Request-level search. Table 7 also compares request-level search
overhead. We empirically configure DVFS-C’s genetic algorithm
to use 500 generations and population size 1000 per performance
degradation threshold, seeding larger thresholds with results from
smaller thresholds to speed up convergence (e.g., results of 2% are
used as the seed for 5%). This forces it to explore 2.5M request-level
plans total, regardless of the model’s operator count. In contrast,
eNPU converges to a near-optimal plan within only 2.9K-119K eval-
uations. Notably, decode has a limited request-level search space.
As degrading decode performance often yields no extra energy
saving (see §4.2), there is usually only one Pareto plan per operator.
Compilation time. Figure 14 evaluates the DVFES search time of
compiling one LLM request with 24 Intel Xeon Gold 6136 CPU cores
and 128 GB host memory. We break down the time for operator-
and request-level search phases. For each phase, the search time
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Figure 13: Energy overhead due to IVR power conversion.
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Figure 14: Compilation time overhead of eNPU.

scales with the number of explored plans in Table 7. eNPU’s compi-
lation time overhead for individual operators/kernels is small (less
than 10 seconds for all operators in a model); it is unlikely to bottle-
neck kernel development or optimization iterations. Users can also
temporarily disable eNPU during development. For each request,
eNPU takes at most 40 minutes, while DVFS-C can incur more than
8 hours of search time due to inefficient genetic algorithm. With up
to 2304 pre-compiled buckets per model (see §3.4), the compilation
takes 15360 core-hours (=5 hours with 3000 CPU cores, which is
manageable for production LLM services deployed in datacenters).

4.4 Overhead Breakdown

Performance overhead. As shown in Figure 11, at zero SLO slack,
eNPU’s performance overhead stays below 0.78%—-4.6%. This stems
primarily from V/f transition delays and domain-crossing over-
head. The domain-crossing penalty would be much higher without
eNPU’s VU internal forwarding mechanism (§3.1) — we perform a
sensitivity study in §4.5. At larger SLO slacks, eNPU’s performance
degradation always stays below the allowed threshold, preserving
strict SLO guarantees in end-to-end serving (see §4.8).

IVR power conversion overhead. Figure 13 quantifies the energy
lost to IVR inefficiency. IVR power conversion efficiency degrades
at lower output voltage, so conversion overhead grows slightly (e.g.,
~1.5% for prefill) as eNPU throttles V/f more at larger SLO slacks.
However, eNPU’s net energy savings outweigh this overhead.

4.5 Benefits of VU Shadow Vector Register

Figure 15 shows how the VU shadow vector regfile size (§3.1)
impacts performance. We focus on 0% performance degradation
threshold, as it incurs most overhead. For larger thresholds, com-
ponent frequencies are lower, making the overhead less obvious.
A shadow regfile size of 4 achieves <4% performance penalty.
Decode has a higher sensitivity to the shadow register file size, as
many operators are VU-intensive. A larger shadow regfile maps
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Figure 15: Impact of varying VU shadow vector register file
size at performance degradation threshold 0%.
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Figure 16: Energy saving of different temporal and spatial
DVFS granularities.

more simultaneously live VU dependencies to shadow registers,
reducing frontend stalls when the dependency distance is not long
enough to hide frontend-VU round-trip latency, despite its larger
area and power cost. The performance penalty is near-0 if the
shadow regfile is as large as the frontend regfile (32 registers). We
empirically pick a default shadow regfile size of 4, a reasonable
trade-off between area overhead and performance.

4.6 Sensitivity Analysis

DVEFS granularity. Figure 16 isolates the impact of spatially and
temporally fine-grained DVFS. In DVFS-C-ms and eNPU-ms, we
merge consecutive sub-millisecond operators into epochs (>5 mil-
liseconds) following the preprocessing step in [60], and then apply
DVFS-C’s genetic algorithm or eNPU’s DVFS policy for each epoch.
DVFS-C and eNPU-AIl use operator-level (sub-us-scale) DVFS.
With more temporally fine-grained DVFS, eNPU-AIl achieves
0.6%-6.3% higher energy saving than eNPU-ms. eNPU-ms applies a
unified V/f setting across an entire time epoch, forcing less critical
operators to run at high V/f. In contrast, eNPU-All allows a com-
ponent to change its V/f for different operators. Even with coarse
temporal granularity, eNPU-ms saves 4.4%-9.6% more energy than
DVFS-C-ms. DVFS-C-ms sometimes saves slightly more energy than
DVFS-C. This is because after merging operators into fewer epochs,
the genetic algorithm is sometimes more effective, as it intrinsically
does not scale well with the search space size [11, 69].
V/f domain count. Figure 17 studies eNPU’s sensitivity to the
number of V/f domains. The 5-domain configuration is eNPU-AIL
The 4-domain version merges the frontend (FE), SA, and VU into
one “compute” domain, while keeping the SRAM, HBM, and ICI
separate. The 3-domain version forms an “NPU core” domain for FE,
SA, VU, and SRAM, plus separate HBM and ICI “uncore” domains.
4-domain saves 0.8%-7.7% more energy than 3-domain, and 5-
domain saves 2.3%-3.5% more than 4-domain. The major benefit
comes from separating SAs and SRAM into different V/f domains,
because in our simulated NPU chip (TPUv5p), SA power dominates
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Figure 17: Energy saving of eNPU with different V/f domain
configurations.

for prefill, and SRAM dominates for decode (see Figure 12). Hence,
the energy saving from separately throttling VUs is relatively mod-
est. Nevertheless, the extra hardware cost of having 5 domains over
4 domains is small (only 0.64% for TPUv5p, including the VU async
FIFO, voltage level shifters, and shadow vector regfile in Table 5).

As future NPU chips incorporate more powerful VUs [22] for in-
creasingly VU-intensive LLM operators (e.g., Gated DeltaNet [47, 66]
and compressed/sparse-attentions such as HCA and CSA [18]), the
VUs will account for a larger portion of NPU core power relative
to SAs and SRAM. Similarly, for NPUs with smaller SAs (e.g., the
Coral NPU core in Table 4), VU power is relatively larger. In these
cases, a separate VU domain would bring more energy savings.
Variable sequence length. Figure 18 shows the energy savings
with various input sequence lengths. We keep the output sequence
length at 512 tokens, as the decode performance depends on the total
context length, which is covered by sweeping the input lengths.

The energy saving depends on the request’s bottlenecking com-
ponent, which depends on the model architecture and the sequence
length. For Llama3-70B prefill, the energy saving increases with se-
quence length. This is because the request becomes more compute-
intensive and hence more SA-bound. Hence, other components
become more idle, exposing more throttling opportunities. For
DeepSeekV3-671B prefill, when we increase sequence length from
256 to 4K, the request is ICI-bound; it cannot saturate the 128x128
SA, but the ICI overhead grows near-linearly. Hence, the SA tempo-
ral utilization (similarly for VU and SRAM) drops relatively, expos-
ing more throttling opportunities. As we increase sequence length
beyond 4K, the SA, VU, and SRAM busy time increase quadratically
due to the attention layer. Hence, the energy savings from SAs,
VUs, and SRAM shrink, leading to relatively smaller total energy
savings. The energy saving of decode is similar across sequence
lengths, as it is always memory-bound.

In Figure 19, we investigate how sequence lengths affect the
DVFS plans generated by eNPU. In general, the selected frequency
of a component is proportional to its temporal utilization measured
at peak frequency (i.e., NoDVFS). This is expected, as a highly uti-
lized component has less slack in the operator schedule and hence
must run at a higher frequency to meet the performance target. In
contrast, a less-utilized component is often off the critical path, so
it can be throttled with little impact on end-to-end latency.

MoE expert load imbalance. By default, eNPU selects DVFS
plans based on the worst-case expert load imbalance (§3.4), which
“overprovisions” energy budget if the real token distribution is more
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Figure 18: Energy savings of eNPU over NoD VFS with various
sequence lengths. We show two models due to space limits.
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for representative operators, w.r.t. various sequence lengths.
We plot the results for performance degradation threshold
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Figure 20: Left: Energy savings over NoDVFS at different ex-
pert load imbalances. The shaded area covers 0%-20% perfor-
mance degradation threshold; the curve is the mean. Right:
Energy saving difference between ideal and worst-case provi-
sioning. We only show DeepSeekV3-671B prefill due to space
limits. The energy saving in decode is not affected by load
imbalances since the number of tokens is very small.

balanced. In Figure 20, we study different token distributions by
varying the simulated expert capacity factor, and compare eNPU
with an ideal provisioning that perfectly predicts the load imbalance
and incurs no SLO violations. When the load is perfectly balanced
(expert capacity factor = 1), eNPU will save 4.3% less energy, but
it still achieves 22% energy saving over NoDVFS. Regardless of the
load imbalance, eNPU always saves more energy than DVFS-C.

4.7 Benefits of DVFS + Power Gating

Figure 21 quantifies the benefits of combining DVFS and power gat-
ing (PG). We compare None (no DVES or PG), PG-Only, DVFS-Only,
and PG+DVFS. We apply the state-of-the-art NPU PG solution Re-
Gate [65], which uses the compiler to analyze component idleness
and orchestrate PG at instruction level. We first apply eNPU’s DVFS
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Figure 21: Energy savings with DVFS and power gating (PG).
The bars from left to right are None (no DVFS or PG), PG-
Only, DVFS-Only, and PG+DVEFS.

algorithm to each operator, and then apply ReGate to instrument
power gating commands based on the VLIW code sequence after
DVFS. When the performance degradation threshold is 0, PG-Only
slightly outperforms DVFS-only. This is because PG-Only can ex-
ploit component underutilization by throttling the supply voltage to
near-zero, yielding more static power reductions than DVFS-Only
(which only throttles voltage to 0.45V). However, the unique advan-
tage of DVFS lies in its ability to actively trade excess performance
for energy savings. At large SLO slacks for prefill, DVFS-Only out-
performs PG-Only. By combining DVFS and PG, we can achieve
maximum energy saving (up to 30%/31.5% for prefill/decode).

4.8 Energy Savings for LLM Service

In Figure 22, we evaluate the end-to-end energy savings of eNPU
for a 24-hour production LLM serving trace. The trace includes both
peak hours (14-20 hours) and off-peak hours. We employ eNPU-
All and DVFS-C using the same DVFS-aware request scheduling
mechanism and safeguarding rules (§3.4). We study Llama3-70B as
an example. The insights apply to other models as well.

eNPU-All only needs ~10% SLO slack to achieve maximum en-
ergy savings. During off-peak hours, both DVFS-C and eNPU-All
achieve significant energy savings (25.8%/33% and 33%/42% for pre-
fill/decode) with no obvious drop in SLO satisfaction rate. For off-
peak hours, cluster-level scheduling techniques can be employed
together with eNPU to further reduce energy consumption, such
as auto-scaling to shrink the number of allocated NPU chips or
putting idle chips into sleep. eNPU can still help save energy for
the remaining active NPU chips.

During peak hours, the available SLO slack shrinks, so DVFS is
applied less aggressively. In eNPU-AIl, 12%/10% of prefill/decode
batches during peak hours use a less aggressive DVFS plan (safe-
guard rule 1 in §3.4), and only 2.3%/1.1% of prefill/decode batches
are locked to the peak clock speed (rule 2). Nevertheless, eNPU-All
achieves higher energy savings than DVFS-C under limited SLO
slacks (29.7%/35.2% vs. 23.3%/28.1% for prefill/decode).

5 Discussion

Adapting eNPU techniques for overclocking. eNPU’s DVFS
policy (§3.3) can be adapted to overclock an NPU chip given a
power budget. The operator-level exploration can cover both un-
derclocking and overclocking options for each component. Then,
the request-level search can work in the same way, starting from
the fastest plan and iteratively throttling the frequency of each
component until the DVES plan satisfies the power budget.
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Figure 22: End-to-end energy savings for LLM serving. We
show 12-24 hours, as the trend is flat during off-peak hours.

Implications of advanced technology nodes. In our prototype
of eNPU, we use ASAP7 PDK as a reproducible case study, which
roughly matches the technology nodes of TPUv4/TPUv5p. As long
as the P o V2 f law continues to hold, DVFS will remain an effec-
tive technique for future nodes. Moreover, as different components
scale at different paces (e.g., logic scales faster than SRAM) and have
different performance requirements, their V/f and power charac-
teristics will remain diverse. eNPU offers a solution to manage such
component diversity and maximize DVFS opportunities.

Prefill/decode disaggregation vs. mixed continuous batching.
In our evaluation, we employ prefill/decode (P/D) disaggregation fol-
lowing state-of-the-art LLM serving systems [44, 71], as these two
phases have distinct resource demands. eNPU can also be integrated
with aggregated P/D serving (i.e., mixed continuous batching [4])
in the same way as described in §3.4, as it picks the DVFS plan
for each batch, no matter whether it is a batch of prefill requests
or decode requests. The per-batch energy saving trend would be
similar to P/D disaggregation, as prefill batches are typically still
compute-bound and decode batches are memory-bound.

6 Related Work

DVES techniques. Prior work explored different DVFS granulari-
ties and policies. They often treat an entire chip as one V/f domain,
or partition V/f domains only across replicated, homogeneous units
such as CPU cores [35] or GPU SM, and core/uncore domains [23,
24, 37]. In contrast, eNPU enables independent DVFS across het-
erogeneous components within an NPU core. Prior work explores
dynamic schemes based on runtime feedback [14, 28, 51, 61-63]
and static schemes based on offline profiling or compiler analy-
sis [26, 50, 64]. They assume one coarse-grained V/f domain or a
few homogeneous domains, which cannot directly apply when we
must jointly optimize V/f choices for multiple components and ac-
count for their interaction with VLIW instruction scheduling. eNPU
addresses this challenge with a compiler-driven greedy search.

Power management techniques for AI chips. Recent works
have explored both static and dynamic power management for
AI chips. PCSTALL [10] uses a program counter-based prediction
mechanism to configure DVFS on GPUs. The Ascend NPU [60]
employs a genetic algorithm to search for the optimal AI core
frequency. eNPU enables component-level V/f domains on NPUs
and addresses the unique HW and SW challenges of exploiting
the new DVFS optimization space. UPTPU [43] power gates MAC
units in spatially underutilized systolic arrays. ReGate [65] enables
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compiler-directed power gating across all major NPU components.
eNPU is complementary to these power gating techniques.
Power/energy-aware LLM serving. Power/energy efficiency of
LLM serving has become a critical concern. Proposed optimizations
include request routing techniques that account for renewable en-
ergy [49] or power hotspots across server racks [54]. Many works
scale down GPU frequency to exploit SLO slack and save energy, us-
ing offline profiling [33, 55], online feedback-based control [46, 67],
and ILP solvers [49] to find the optimal frequency. They are de-
signed for whole-chip DVFS on GPUs and cannot directly apply to
spatially fine-grained DVFS on NPUs. Prior studies also examine
model placement strategies, such as varying the tensor parallelism
degree [52] to enable latency-energy trade-offs [9, 33, 38, 46, 55]
or grouping operators by their sensitivity to chip frequency [46].
Compared to these system-level optimizations, eNPU addresses the
unique HW and SW challenges and provides a holistic solution for
exploiting component-level DVFS on NPU chips for LLM serving.

7 Conclusion

We identify the DVFS opportunities for LLM serving on NPUs
and propose eNPU, a hardware-software co-design that enables
component-level DVFS on NPUs. eNPU improves the energy effi-
ciency of LLM serving while preserving strict SLO guarantees.
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