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Abstract— This paper proposes iGPU, the first GPU proposal
for energy harvesting systems (EHSs), enabling intermittent Al
workloads where power failure is the norm. The key advantage
of iGPU is that it completely eliminates the need for costly
just-in-time (JIT) checkpointing of the GPU’s huge register
file (RF). Instead, iGPU leverages compiler support to ensure
correct recovery from power failure. The compiler divides the
program into idempotent regions, each persisting only a small
set of live-out register updates, allowing the vast RF to remain
volatile. However, applying idempotent recovery to GPU’s SIMT
architecture poses a unique challenge because the standard
post-dominator (PDOM) stack inherently discards the state of
completed branch paths before divergent threads re-converge; if
power failure occurs in between, the interrupted region may fail
to re-execute correctly. To address this, iGPU lets the PDOM
stack retain recovery metadata for all divergent subgroups until
re-convergence, while aligning the idempotent region bound-
aries with divergence points. This hardware/software co-design
keeps the PDOM hardware simple—still small enough for JIT
checkpointing—while ensuring correct recovery even when power
failure occurs with a warp diverged. As a result, iGPU makes
GPUs a viable and high-performance option for EHSs for the
first time. Experimental results show that across 21 applications,
iGPU delivers an average speedup of 2.38-2.71x over jGPU,
which adopts JIT checkpointing, 7.76-8.85x over a CPU-based
EHS, and 1.56-1.69 x over MOUSE, an intermittent compute-in-
memory accelerator.

I. INTRODUCTION

Batteryless energy harvesting systems (EHSs) [1]-[4] are
widely used for long-lived sensing in challenging deployments,
including wildlife tracking [5]-[7], marine monitoring [8]-
[10], and smart farming [11]—-[13]. These systems increasingly
interpret sensor streams on-device to achieve low latency
while minimizing communication [14], [15], which motivates
TinyML workloads—primarily lightweight deep neural net-
work (DNN) inference [16]-[19].

Such devices rarely have a stable power supply; they
scavenge energy from ambient sources, e.g., solar, thermal
gradients, radio frequency, and ocean waves [6], [8], [20]-[22].
These sources are weak and unpredictable, causing available
energy to fluctuate with environmental conditions and resulting
in frequent power outages. Thus, forward progress is dictated
by how well harvested energy—buffered in a small capacitor—
aligns with application demand [23]. This paradigm has ush-

*imec, Leuven, Belgium
6University of Central Florida, Orlando, FL, USA
{yiluwu, dongyoon}@cs.stonybrook.edu

2Stony Brook University, Stony Brook, NY, USA

5 Arizona State University, Tempe, AZ, USA
7Virginia Tech, Blacksburg, VA, USA
kasimsinan.yildirim @unitn.it

jongouk.choi@ucf.edu  wenjiex@vt.edu

ered in Intermittent Al [14], [24]-[26], where energy efficiency
determines how much inference progress EHSs can make
before the next inevitable outage.

Their intermittent nature fragments program execution into
short power cycles, making state preservation essential for
correct operation against repeated power outages. To oper-
ate under intermittent power, EHSs commonly employ non-
volatile processors (NVPs) that just-in-time (JIT) checkpoint
registers to non-volatile flip-flops (NVFFs) upon power failure
[27]-[33], with non-volatile memory (NVM) as main memory
to preserve program state across outages. Despite the success
of NVP-based CPU-only EHSs, they are insufficient for bring-
ing intermittent Al to practice, as modern DNN inference is
dominated by data-parallel operators, e.g., dot products, matrix
multiplications, and convolutions. The crux of the problem
is that CPU-only EHSs lack the parallel compute resources
needed to execute these operators efficiently within a limited
energy budget, though prior work partially addresses this by
using the low-energy accelerator (LEA) [34] of MSP430 [35]
microcontrollers for intermittent DNN inference [36]—[38].

A different direction is to leverage compute-in-memory
(CIM) [39]-[44] that can accelerate inference operations di-
rectly within or near NVM (STT-MRAM) arrays; each com-
putational RAM (CRAM) tile contains an array of magnetic
tunnel junctions. By exploiting tile-level parallelism and re-
ducing data movement, CIM can improve forward progress
for intermittent inference with minimal backup and recovery
overhead owing to the non-volatility of STT-MRAM. How-
ever, end-to-end DNN support in CIM remains limited by poor
programmability and high integration costs, making it difficult
to accommodate rapidly evolving inference models on EHSs.

A seemingly attractive alternative is to keep the batteryless
sensor node simple by offloading computation over a wireless
link to an edge server backed with GPUs and stable power.
Although this avoids backup and recovery overhead while
exploiting the mature CUDA ecosystem, it is often infeasi-
ble or inefficient for EHS deployments. In settings such as
space systems, wide-area farms, and wildlife-tracking forests,
building and maintaining connectivity infrastructure can be
prohibitively expensive in practice. Even where connectivity
is available, communication latency and energy consumption



often outweigh the cost of local inference. A more logical
solution is therefore to integrate GPUs directly into EHSs,
enabling on-device intermittent AI. This, however, requires
GPUs to execute correctly under intermittent power, creating
a compelling need for GPU-enabled intermittent inference.

Nevertheless, equipping EHSs with a GPU presents a daunt-
ing challenge, since the GPU register file (RF) is orders
of magnitude larger than its CPU counterpart yet must be
preserved across power outages. Naively applying an NVP-
style JIT checkpointing mechanism to the GPU RF would
incur prohibitive energy costs (39.8x those of NVP’s JIT
checkpointing), necessitating impractically large capacitors
and long charging times [45] (~149 s with a 1 mF capacitor
at 0.5 mW). Employing NVFFs as checkpoint storage for such
a vast RF is likewise infeasible because of the enormous area
overhead and associated manufacturing challenges.

To this end, this paper proposes iGPU, the first GPU design
for EHSs, enabling energy-efficient intermittent AI workloads.
iGPU avoids JIT checkpointing the GPU’s massive RF, thus
significantly reducing hardware complexity. For this purpose,
iGPU makes use of roll-back recovery [46]-[55] to resume
power-interrupted program, tailoring the recovery mechanism
to GPU’s warp-level execution under intermittent energy.
When power fails, all active warps are interrupted, potentially
at different program points. Upon power restoration, iGPU
recovers interrupted warps on a per-warp basis; once an
interrupted warp is scheduled again, it is redirected to its own
safe recovery point and resumes execution there.

To realize this warp-level recovery, the iGPU compiler
leverages idempotent processing [56]-[63]. Specifically, the
compiler partitions the input program into a sequence of idem-
potent regions that contain no memory write-after-read (WAR)
dependence, enabling side-effect-free re-execution [64]. In
addition, the iGPU compiler inserts stores that persist each
region’s live-out registers to the persistent domain; to illus-
trate, these register-checkpoint stores may write to the L1
cache, which is assumed to be JIT checkpointed to NVM
upon power loss. At reboot time, when an interrupted warp
is rescheduled, iGPU restarts that warp from the beginning
of its interrupted region—after reloading the region’s live-in
registers from NVM. Consequently, iGPU achieves per-warp
recovery through region-level re-execution while providing
crash consistency and persistence guarantees. Nonetheless, re-
alizing per-warp recovery correctly on GPUs is fundamentally
more challenging than on prior CPU-based EHSs.

A key difference from idempotent recovery in CPU-based
EHSs is that power failure may occur while a warp is executing
under control divergence, invalidating conventional idempotent
recovery; different thread subgroups within the warp may
then reside in different idempotent regions along distinct
control-flow paths. Moreover, GPU’s standard post-dominator
(PDOM) stack inherently discards the state of completed
branch paths before divergent threads re-converge; if power
failure occurs in between, naively rolling back the warp to the
most recent region boundary can cause some threads to miss
their required idempotent recovery—due to their discarded

state—or to restart from an incorrect point.

To address this GPU-specific recovery challenge, iGPU
introduces divergence-aware region partitioning and extends
the PDOM stack [65], [66] to preserve, via JIT checkpointing
upon power loss, the control-flow metadata needed for recov-
ery. Based on this support, iGPU enables a divergence-aware
recovery mechanism that redirects divergent threads to the
correct recovery point while maintaining a consistent control-
flow state, even when outages occur during divergence.

Another challenge for iGPU is that some idempotent re-
gions may be too large, particularly on GPUs, where re-
executing long regions is costly due to the large number of
threads per warp; repeated outages during such re-execution
can waste harvested energy and even lead to stagnation [52]
that prevents forward progress. For this reason, iGPU applies
capacitance-aware region partitioning [52] to further split
overly long regions so that each region’s energy consumption
fits within the energy stored in a fully charged capacitor—
which commodity EHSs typically have available at reboot
time. Unlike prior region partitioning for simple CPUs such
as MSP430, iGPU performs this partitioning using an energy
estimate that takes into account the pipeline behavior of a
streaming multiprocessor (SM). In particular, iGPU eliminates
stagnation not only during normal execution but also during
recovery, guaranteeing forward progress across power outages,
and avoiding the waste of hard-earned energy.

Taken together, these techniques enable iGPU to support
energy-efficient intermittent inference on GPUs. Experimental
results demonstrate that across 21 applications, iGPU achieves
an average speedup of 2.38-2.71x over jGPU, which relies
on NVP-style JIT checkpointing originally developed for
energy-harvesting CPUs, and 7.76-8.85 x over the CPU-based
EHS baseline. iGPU also outperforms MOUSE, a CRAM-
based inference platform for EHSs, by 1.56-1.69x on the
ML workloads relative to MOUSE’s best-performing 16-tile
configuration, thus remaining competitive with the state of the
art in intermittent inference as well.

It is important to note that iGPU achieves these substantial
performance gains with minimal hardware modifications. In
particular, iGPU extends only the PDOM stack to enable
divergence-aware recovery, incurring a small per-SM hardware
overhead (15 times smaller than jGPU’s hardware cost) while
leaving the critical path unchanged. In summary, the principal
contributions of iGPU are as follows:

e To the best of our knowledge, iGPU is the first to
enable GPUs to operate on EHSs, paving the way for
the democratization of intermittent Al

e iGPU guarantees correct power failure recovery even
in the presence of control divergence, with lightweight
hardware support.

e iGPU delivers high-performance intermittent computa-
tion, achieving nearly an order-of-magnitude speedup
over CPU-based EHSs.

o Across a range of capacitor sizes and energy-harvesting
conditions, iGPU outperforms its competing approaches
in most cases by a significant margin.



II. BACKGROUND AND MOTIVATION
A. Architecture of CPU-Based Energy Harvesting Systems
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Fig. 1: JIT checkpointing (left) and two typical CPU-based
EHSs that employ it: NVP (middle) and QuickRecall (right)

EHSs must tolerate frequent power outages while preserving
sufficient program state to resume execution correctly after
each outage. Figure 1 shows the execution model and JIT
checkpointing behavior of typical NVP-based designs as the
capacitor voltage varies. NVPs execute only within a power
cycle, i.e., from when the capacitor charges to Vi, triggering
a reboot, until the voltage drops below a predefined checkpoint
threshold Vixy, which triggers a JIT checkpoint.

The fundamental problem is that program state, including
the RF, remains volatile and disappears on power failure.
To preserve the state, prior work has widely adopted roll-
forward recovery for its simplicity and ability to resume
execution from the power-interruption point. It is typically
implemented through JIT checkpointing [67]-[70]; when the
voltage monitor senses imminent power failure (at Viiy), the
processor freezes the instruction pipeline and saves volatile
register state either to NVM, as in QuickRecall [71], or
to non-volatile flip-flops (NVFFs) [72], [73], as in NVPs,
before entering hibernation to recharge the capacitor. Once
the resulting voltage rises above the restoration threshold Vi,
the checkpointed state is restored and execution resumes from
the power-interruption point.

B. GPU Architecture and Control Divergence Handling
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Fig. 2: Control divergence handling via PDOM stack

GPUs exploit massive thread-level parallelism (TLP) via the
single instruction, multiple threads (SIMT) model. The SM
fetches and decodes instructions sequentially for a warp, then
executes each issued instruction in lockstep across the warp’s
active threads, as indicated by the active thread mask. Fig-
ure 2(a) illustrates this at the SM level using a 4-thread warp,

where a newly issued instruction starts with all threads active
(mask 1111), while Figure 2(b)-(d) show how the PDOM
stack manages the thread masks. When threads in a warp
take different paths at a conditional branch, the active mask
is updated so that only the threads on the currently executed
path remain active, whereas the others are disabled; the masks
are updated again when paths re-converge. The PDOM stack
manages this by tracking per-subgroup state in each entry,
which holds ReconvPC (the re-convergence PC), NextPC
(the next PC for that subgroup), and the Act iveMask.

Figure 2(b) shows example code in which Warpl diverges
at the conditional branch of BB0. Until the warp reaches the
divergence point, the PDOM stack holds a single entry, and
only its NextPC advances, as shown in Figure 2(c). Upon
branch divergence, the stack is updated as shown at the top of
Figure 2(d). The original entry is retained with its NextPC set
to the re-convergence point, while two additional entries are
pushed for the two divergent paths. These path entries share the
same ReconvPC (line 18) but have different Act iveMask
values. Note that the entry pointed to by the top-of-stack (TOS)
pointer is executed first, corresponding to the left path in this
example. Once its NextPC reaches the re-convergence point,
the entry is popped and TOS advances to the other path entry
to execute the remaining divergent threads, as shown in the
middle of Figure 2(d). After all path entries are popped, the
stack returns to the original entry as shown at the bottom of
Figure 2(d), indicating the fully re-converged warp.

C. jGPU: A JIT-Checkpointing GPU for EHSs
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Fig. 3: jGPU for JIT checkpointing the entire volatile SM state

Unlike a typical CPU, a GPU replicates core components
such as the instruction pipeline, RF, and caches within each
SM. Consequently, designing GPUs for EHSs requires SM-
level hardware support to ensure recoverability across power
failure. The most straightforward approach is to adopt roll-
forward recovery using NVP-style JIT checkpointing, resulting
in what we refer to as a JIT-checkpointing GPU (jGPU).
However, this approach requires extensive microarchitectural
modifications to checkpoint the entire volatile state.

Specifically, once its voltage monitor detects an imminent
power outage, jGPU must preserve the volatile SM state
(yellow in Figure 3). That is, the large RF is checkpointed
to NVFFs, with backup performed in batches to amortize the
checkpoint overhead, while the dirty blocks of the SRAM
cache are checkpointed to its NVM counterpart as in NVS-
RAM [74]-[76]. Similarly, the pipeline components, including
the operand collectors, the scoreboard, and the PDOM stack,



are checkpointed to NVM for recovery of in-flight execution
from power failure. Since some instructions may have been
issued from the operand collectors but not yet completed at
the failure, JGPU additionally places an Operand Collector
Buffer (OCB) between the operand collectors and the execute
stage, whose contents are JIT checkpointed as well.

TABLE I: Vgaekup Of jGPU and iGPU

Capacitor Size
Design [ 50 pF 100 uF | 500 pF | 1000 pF
JGPU |[4.2521 V|3.2650 V |2.1735 V| 1.9955 V
iGPU |1.8018 V| 1.8009 V | 1.8001 V | 1.8000 V

The fundamental downside of jGPU is its prohibitive backup
energy overhead. To complete JIT checkpointing safely with-
out losing state, the capacitor must retain sufficient energy,
denoted Epyckup, to save the entire architectural state before
the system reaches its minimum operating voltage Vi, and
shuts down. This requirement in turn determines the backup
voltage threshold Vpacup that triggers checkpointing. Given a
capacitor of size C' (capacitance) and the GPU’s Vinin, Eackup
and Vpuckup are computed as follows.

1
FEgackup = 5* C (VBiCkup — V22 ) % Number of SMs (1)

2 % EBackup
= V2
\/C +* Number of SMs * Vinin

Assuming a minimum operating voltage (Vi = 1.8 V) and
using the state-of-the-art voltage monitor [77], Table I reports
the VBackup Vvalues derived from Equation 2 across different
capacitor sizes. The high energy demand for GPU state
preservation forces Vpackyp to impractical levels, especially for
a small capacitor (50 puF). This creates two major drawbacks:
(1) additional hardware support, such as NVFFs, is required
for RF preservation, significantly increasing area overhead
given that the RF is even larger than the caches, and (2) the
recharge time before reboot becomes much longer due to the
elevated Vggckup. These drawbacks render roll-forward recov-
ery approaches based on full JIT checkpointing—exemplified
by jGPU—unsustainable for EHSs.

2

VBackup
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Fig. 4: Overview of iGPU and its software/hardware co-design

The goal of iGPU is to offer a practical yet performant GPU
solution for EHSs. To this end, as shown in Figure 4(a), iGPU

leverages compiler-directed roll-back recovery (Section IV)—
instead of costly roll-forward recovery that requires jGPU’s
full-state JIT checkpointing. However, compiler support alone
is insufficient for GPUs due to their unique control-divergence
challenges detailed in Sections IV-D1 through IV-D3. To over-
come these challenges, iGPU takes a software/hardware co-
design approach. Figure 4(b) shows that this approach makes
minimal architectural modifications confined to the PDOM
stack (Section V-A). At run time, iGPU updates the stack
(Section V-B) to ensure correct, lightweight GPU recovery
(Section V-C).

IV. 1IGPU COMPILER
A. iGPU Compiler Workflow

As shown in Figure 5, the iGPU compiler first (1) divides
the program into a series of warp-level idempotent regions,
each free of memory WAR dependence and thus re-executable
to recover from power failure. However, due to control di-
vergence in GPUs, conventional idempotent recovery used in
CPUs is insufficient to recover the registers of all warps. In
response, the iGPU compiler applies (2) control-divergence-
aware region partitioning, inserting region boundaries at diver-
gence and re-convergence points to simplify the recovery of all
warps’ registers. Then, the compiler conducts (3) capacitance-
aware region partitioning to split overly long regions—whose
estimated energy consumption exceeds a fully charged ca-
pacitor’s energy—into shorter regions, thereby reducing re-
execution overhead across outages and preventing stagnation.
Both steps also split regions wherever internal memory WAR
dependence would otherwise arise.

For each region, the iGPU compiler identifies its live-out
registers, inserts their checkpoint stores, and generates its
recovery block, which restores the registers and restarts the
region from the beginning. In this way, any power-interrupted
region can correctly recover by invoking its recovery block
when power comes back. In particular, when a region’s live-in
registers are also live-out, creating WAR dependence on them,
re-executing the region risks overwriting their checkpoints. To
prevent this, the iGPU compiler performs (4) register renam-
ing [64] by default, falling back to checkpoint coloring [78] if
the renaming results in additional spilling. The compiler then
(5) allocates checkpoint storage for these live-out registers
in either NVSRAM shared memory or NVM local memory
(accessed via cache), prioritizing shared memory based on
program usage; checkpoint data exceeding the shared memory
capacity is placed in local memory. Finally, the transformed
PTX undergoes (6) register allocation via CRAT [79], pro-
ducing allocated PTX for final code generation by the GPU
backend. The rest of this section details each compilation
phase; for clarity, the presentation order deviates slightly from
the workflow in Figure 5.

B. Capacitance Aware Region Partitioning

Forming idempotent regions—with control-divergence-
aware region boundary placement (Section IV-D2)—and
checkpointing their live-out registers allows iGPU to achieve



(2) Control Divergence Aware
Region Partitioning

PT_X’| (1) Idempotent

(3) Capacitance Aware
Region Partitioning

Region Partitioning

(4) Prevent Checkpoint Overwriting

Register Renaming

(5) Live-out Registers Checkpoint
LOCALMEM ——

——— SHMEM Register-allocated
&N I Ckpt ¥

App’s Usage  IIN:TTL0] T3

(6) Register
Allocation

Checkpoint Coloring D
Fallback if registers run out

Fallbackif App’s Usage * Reg Ckpt Size = SHMEM

Fig. 5: Workflow of iGPU compiler

correct power failure recovery. However, correct recovery
alone does not guarantee forward progress under frequent
power failure. If a region is excessively long, failure near
its end still forces recovery to re-execute the entire region
from its beginning, consuming a substantial fraction of the
hard-won energy. Even worse, the re-execution may itself
be interrupted by power failure again—potentially multiple
times—before the region ends. In the worst case, the region
suffers stagnation [52], [80], [81], rendering forward progress
impossible.

To ensure forward progress regardless of power failure
frequency, the iGPU compiler performs capacitance-aware
region partitioning inspired by Safe Active Time (SAT) [52]
yet adapted to the GPU execution model. SAT is the exe-
cution time that an energy harvesting system is guaranteed
to sustain on a fully charged capacitor, and is calculated
using a capacitor leakage model [52] under worst-case power
consumption—obtained via the Jetson Nano GPU power
model (Section VI-B). In iGPU, the compiler estimates each
region’s worst-case execution time (WCET) and partitions any
overly long region into smaller regions so that, on a best-effort
basis, each satisfies SAT and can thus complete upon reboot
without encountering power failure.

To infer each region’s WCET, iGPU calculates the WCET
of each PTX instruction, considering the worst-case latency
of the Jetson Nano GPU SM pipeline and memory hierar-
chy. Compute instructions use worst-case pipeline latencies,
while memory instructions, except shared memory accesses,
assume the worst access path to global memory (ReRAM)—
via a cache miss—with the NVM latency modeled using
NVSim [82]. The iGPU compiler analysis then accumulates
these per-instruction WCETSs under a pipeline-aware estimate
and inserts a new region boundary whenever the accumulated
WCET plus the recovery code execution time exceeds the SAT
for a given capacitor size, as follows:

> WCET(i) + Ly - | LiveIn(Reu ) | (3)
1€ Inst(Reurr)

where Ry, is the current region starting from the prior bound-
ary, Inst(Rcur) gives the set of instructions in the current
region, LiveIn(Reyy) denotes the set of live-in registers in
the region, and Ly is the NVM load access latency.

In Equation 3, the first term captures the WCET estimate of
the current region to be ended with the new boundary during
the compiler analysis, while the second term accounts for the
recovery code execution time required at reboot to reload the
region’s live-in registers from their checkpoints in NVM, i.e.,
ReRAM. In practice, iGPU can effectively avoid stagnation at

both run time and recovery time, ensuring forward progress
across power outages.

Note that unlike prior GPU WCET analysis [83], [84],
iGPU’s compiler analysis is much simpler; it ignores warp
scheduling delay, which is negligible compared to NVM
latency. Specifically, the scheduling delay becomes significant
only when a large number of concurrently executing warps
contend for memory; however, power failure typically occurs
before such contention develops, resetting the number of
scheduled warps. This is confirmed by the number of warps
executed during each power-on period, which is only around
11, compared with 31 on average in the absence of power
failure. Furthermore, there is no need to model the control
divergence for WCET analysis, because iGPU places region
boundaries at both divergence and re-convergence points—to
minimize hardware cost and simplify the recovery protocol
(Section V-B-V-C).

In the rare case that the WCET estimate still leads to
stagnation (never observed in our experiments), iGPU can rely
on a simple yet effective fallback mechanism for potentially
stagnating regions. iGPU can set up a volatile watchdog timer
at the beginning of such a region and, upon timer expiration,
checkpoint the warp registers along with cache and PDOM
data, allowing the warp to resume from that point by restoring
the checkpointed state. Even if such a region is power-
interrupted, it could thus gradually make forward progress
until reaching the next region. To determine the watchdog
timer value, iGPU could use either the SAT or profiling similar
to prior work [49].

C. Region-Level Persistence

Once the regions are formed, iGPU must ensure that
their live-in registers—required for idempotent re-execution—
persist across power failure. This requirement, known as
region-level persistence [51], [85], [86], dictates that all stores,
including the checkpointed live-out registers of the preceding
region—which can be the current region’s live-in registers—
must be persisted before execution enters the current region.

Without this guarantee, warp-level idempotent recovery
could not succeed, since some live-in registers of an in-
terrupted region may have been lost if they were not per-
sisted before the failure. To achieve region-level persistence,
iGPU takes advantage of NVSRAM for all on-chip caches—
Ll-instruction and L1-data caches, shared memory, constant
cache, and texture cache—as well as NVM for global memory.
All in-region stores are thus guaranteed to persist by the end
of the region; their results are written to the data cache or
shared memory immediately upon instruction commit, where
they are retained across power failure and can be loaded for
recovery.



Specifically, Figure 6 shows how iGPU ensures region-
level persistence. At time 77, when region boundary RB2 is
reached, the live-out register checkpoints of the prior region
R1, which appear as two 4 in the figure, are already treated
as persisted in the data cache or shared memory—destined
for JIT checkpointing on an outage—following the commit
of instructions at lines 1C' and 2C'. Suppose that Mem(T},)
represents the states of checkpointed registers in caches,
shared memory, and global memory at 7;,. Mem(7}) thus
includes the two 4, while Mem(7%) includes the checkpointed
registers at lines 6C' and 7C' in region R2, i.e., M and %.
If region R2 encounters

power failure at T, with Caches,
the checkpoint stores at RB1 S';;ebda:\"wel:n;&
lines 6C' and 7C' already & 1C:op 11

persisted, iGPU initiates re- Rl 2: r2'= 0xd00

covery from region bound- A 2C:cpr2

ary RB2 at T3. Note that RB2 3:d...,[r2] TT%TT%
Mem(T5) and Mem(T53) re- st '[}'2] 13
main identical across power 5 6= 154 1

failure, i.e., Mem(Ty) # R2 | 6:r5=r1+15
Mem(T2) = Mem(T3). O 6C:cpr5

Since the live-in registers of “77“(1;01 0;”

the interrupted region R2 'mp TZ}?

are available in Mem(73),
i.e., the two 4, iGPU loads
them before restarting R2.
A potential concern is that iGPU’s checkpoint stores for
R2’s live-out registers at lines 6C and 7C (the M and the
%) overwrite the checkpoints of R2’s own live-in registers r5
and r4. Recovery from RB2 would then load the overwritten
values, breaking idempotent re-execution. To prevent this
checkpoint-overwriting problem, the iGPU compiler leverages
register renaming; if a checkpointed live-in register is over-
written within a region, the compiler renames its later defini-
tion to a new register, preserving the checkpointed value for
recovery. However, the renaming can increase register pressure
and lead to more register spills. When further renaming is
infeasible due to the lack of available registers, iGPU falls back
to checkpoint coloring; refer to prior work [78] for details.

Fig. 6: Region-level persistence

D. Control Divergence Challenges for Idempotent Recovery

Although the iGPU compiler provides the essential mech-
anisms (Sections IV-B and IV-C) for power failure recovery,
these alone are insufficient to recover register state across all
threads due to GPU’s unique challenges of control divergence
as discussed in the remainder of this section.

1) Challenge 1: Loss of Divergence State on Power Failure:
The first challenge arises when power failure occurs after a
warp has diverged but before its threads re-converge, causing
the warp’s divergence state to be lost. In the wake of the
failure, the system can determine neither which threads took
each divergent path nor where within each path their execution
must resume, rendering correct recovery impossible. To illus-
trate, consider the execution of WarpA in Figure 7, starting
with the non-divergent case. If power failure occurs before

WarpA
[BB0  [L111111] ThreadiD
RBO 8:17=100 Most recent region boundary PC: 8
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ThreadID
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Fig. 7: Divergence state lost on power failure

(b)}?m

When power comes back...
ReconvPC NextPC_ActiveMask
tosof - [ 2 [ it ]

= Incorrect recovery

the divergent branch at point (a) between lines 8 and 10, the
PDOM stack holds only the single entry for the entire warp,
whose NextPC alone is updated while its ActiveMask
remains 1111 as all threads are active. Here, idempotent
recovery is identical to that of CPUs, requiring only a restart
from region boundary RB0 (line 8).

However, if power failure occurs in the left path after
divergence (e.g., between lines 12 and 13C), re-executing from
the most recent region boundary /31 is incorrect. This is
because, with the PDOM stack lost upon the failure, the inter-
rupted path’s Act iveMask is unknown, so blind re-execution
defaults to the incorrect mask (e.g., 1111), restarting region
11 on all threads and potentially corrupting their registers.
Solution: To address this, iGPU JIT checkpoints the PDOM
stack right before power failure, restoring the divergence state
required to track each thread subgroup’s ActiveMask.

Most recent region boundary PC: 8 WarpA
ReconvPC_ NextPC _ ActiveMask BBO 1[1[1[1]threadiD -
- 17 111 RBO 500 ﬁ Most recent region boundary PC: 8
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Fig. 8: Multiple idempotent recoveries required upon reboot

2) Challenge 2: Misalignment between Divergence Points
and Region Boundaries: While JIT checkpointing the per-
warp PDOM stacks recovers a warp’s control-flow state,
a unique challenge remains for GPU idempotent recovery.
Specifically, compiler-defined idempotent region boundaries
often do not align with hardware-managed control divergence
points, as illustrated in Figure 8. If a region starting in the
middle of a branch path (divergent region, e.g., R1 and R2
in the figure) encounters power failure, simply restarting the
interrupted region is insufficient, as it covers only that path’s
thread subgroup rather than all threads in the warp. Instead,



recovery must be initiated separately for each subgroup from
the beginning of its own divergent region. Thus, a single power
outage may require multiple idempotent recoveries, rendering
recovery far more complex than in CPUs.

Figure 8 shows this complexity using WarpA. If power
failure occurs at point (a) or (b) before the divergent regions
are entered at R31/RB2, WarpA is recovered by re-executing
from RBO0. In contrast, if 1 suffers the failure at point (c)
between lines 12 and 13C on the left path, the odd-numbered
threads must first be recovered by re-executing from RB1.
Once these threads end the left path during recovery, the
warp must resume from R50 to follow the blue path, unlike
standard PDOM stack semantics that would set NextPC to
the beginning of basic block BB2 (line 14), assuming the
flow is BB0 — BB1 — BB2 — BB3. The reason is that
even-numbered threads have not been recovered yet; another
idempotent recovery must be initiated from RB0 for them.
Only after the even-numbered threads re-execute BB0— BB2
can the warp reach the re-convergence point (line 17).
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Fig. 9: Control divergence aware region partitioning

Solution: To minimize modifications to standard PDOM stack
semantics, the iGPU compiler aligns region boundaries with
control divergence. As shown in Figure 9, the compiler lets a
new region start at the entry of each divergent path ( and

) and at the re-convergence point (235, whose role is
described in Section V-B). Since every divergent region now
begins exactly where its path begins, the interrupted thread
subgroup restarts from a boundary on that path, e.g., along the
green path from RB2 for the failure at point (a)—rather than
from RBO0 before the branch. The remaining subgroups are
then recovered along the via standard PDOM stack
handling, which already advances TOS to the next path entry,
without needing to manually overwrite NextPC to re-execute
from RBO0 and repeat the divergence. In this way, control
divergence aware region partitioning integrates the recovery of
divergent warps into the existing re-convergence logic. Despite
this, the compiler support is still insufficient to fully recover
all threads’ registers, as the standard PDOM stack discards the
entries of completed divergent paths (Section IV-D3).

3) Challenge 3: Losing the Stack Entry of Completed Paths:
Although the above approach (Figure 9) appears straightfor-
ward, it relies on a hidden assumption that contradicts the
standard PDOM stack. That is, it assumes that entries for all
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Fig. 10: Wrong recovery of a completed path at re-convergence

divergent branches remain accessible even after those branches
complete. In hardware, however, an entry is popped as soon as
its divergent branch completes, as shown in Figure 10, creating
a critical barrier for idempotent recovery. If power failure
occurs at point (a) of BB2, the odd-numbered threads have
already finished the left path, again assuming BB0— BB1—
BB2— BB3. JIT checkpointing here captures only the entries
for the current divergent branch and the re-convergence point,
so recovery can proceed only along the brown path from RB4
in that the entry for the left path has already been popped.
The problem is that executing the warp instruction at the re-
convergence point (line 17) requires restoring the state of all
threads, including the odd-numbered ones—whose entry is no
longer available. Standard PDOM stack semantics are thus
incompatible with the GPU’s idempotent recovery. To this end,
iGPU devises a simple yet effective hardware solution below.

V. 1IGPU ARCHITECTURE
A. Extending the PDOM Stack

iGPU extends each PDOM stack entry with two fields for
recovery: (1) RecoveryPC, which holds the PC of the current
idempotent region’s recovery block, and (2) RecoveredBit,
a volatile flag distinguishing recovered thread subgroups from
unrecovered ones to prevent duplicate recovery. With these
fields, iGPU manages the recovery state of a warp’s divergent
thread subgroups inside the PDOM stack itself. iGPU also
adds a new pointer, Top of Recovery (TOR), which is
updated independently of TOS. While TOS advances to exe-
cute each divergent path, TOR stays behind at the completed
one, so the entries of completed paths are preserved between
TOR and TOS. When the warp reaches the region boundary
at the re-convergence point, TOR is updated to match TOS,
permanently discarding all preserved entries at once.

B. iGPU Runtime: Updating the Extended PDOM Stack

Figure 11 summarizes how iGPU updates the extended
PDOM stack during a normal power-on period, so that the
correct state is available for JIT checkpointing and the sub-
sequent recovery protocol (Section V-C). Figure 11(a) shows
an example with WarpB, whose basic blocks (BB0-BB3) are
partitioned to idempotent regions (/21-/76). For each region,
the compiler generates a recovery block ([ecl—Rec6) that



Rec1: R1 Recovery Code

Rec1.1:ld, ... [...]

Jump to line 1

ThreadID
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Rec3: R3 Recovery Code

Rec3.1:ld, ... [...]

Jump to line 5
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Fig. 11: Run-time operation of the extended PDOM stack in iGPU

loads the live-in registers of the region from their checkpoints
and jumps to its first instruction. To associate each region
with its recovery block, the compiler then inserts a special
region boundary (RB) instruction (2 31-R36) as the region’s
first instruction. Each RB instruction carries the PC of the
corresponding recovery block as an operand. A warp executing
an RB instruction writes this operand into the RecoveryPC
field of its TOS entry, which thus always records the recovery
block of the region the warp currently executes.

Figure 11(b)—(e) shows the PDOM stack at the correspond-
ing points of WarpB’s execution, starting with how the TOS
entry changes through BBO in Figure 11(b). Right before
the first instruction, NextPC holds RB1, and RecoveryPC
is empty. Executing R31 advances NextPC to line 1 and
writes [7ecl.1 into RecoveryPC. As a result, the warp enters
region 11 with its recovery block already recorded—unlike
prior work Penny [78], which records the address of 751 and
needs a separate map to translate it to Recl. Within /21, only
NextPC is updated; once is executed, Next PC advances
to line 3 while RecoveryPC is updated from Recl.l to

. At the end of BB0, NextPC points to 736 (the re-
convergence point’s first instruction) according to the original
PDOM stack semantics, whereas RecoveryPC still holds

When control divergence occurs at line 4, a new entry is
pushed to the PDOM stack for each divergent path, as shown
in Figure 11(c). Both entries take /36 as their ReconvPC,
and each ActiveMask covers the corresponding subgroup
of threads (1010 for the left path and 0101 for the right).
Their NextPC fields are set to RB3 and RB4, the region
boundaries at the head of the two paths, while RecoveryPC
is left empty on both until execution of each path begins.

Upon pushing these entries, both TOS and TOR point to
the left-path entry, so WarpB executes the left divergent path
first. Executing R B3 advances NextPC to line 5 and fills the
empty RecoveryPC with Rec3.1. When the thread subgroup

reaches R B5, NextPC advances to line 7 and the TOS entry’s
RecoveryPC is updated from Rec3.1 to Recb.1. At the end
of the left path (line 8), NextPC becomes /36, which now
matches the entry’s ReconvPC. At this point, the standard
PDOM stack would permanently pop the entry. Instead, iGPU
defers the deallocation by advancing TOS to the right path
while TOR stays at the completed left-path entry, as shown
in Figure 11(d). The retained entry keeps Recbh.l available
until re-convergence, so the odd-numbered threads can still be
recovered if power fails while the right path is executing.

With TOS now targeting the right-path entry, the even-
numbered threads begin executing region /4, as shown in
Figure 11(d). Executing RB4 advances NextPC to line 9
and populates RecoveryPC with Rec4.1. Because the right
path consists of the single region 4, RecoveryPC stays at
Rec4.1 while only NextPC advances. At the end of the right
path (line 11), NextPC reaches B0, matching the entry’s
ReconvPC. Since both paths are now complete, TOS moves
down to the re-converged entry, which reflects its state at the
end of BB(0—all threads active (1111) and RecoveryPC
still holding . When WarpB executes 756 and enters
R6, NextPC advances to line 12 and RecoveryPC is up-
dated from to 2ec6.1. TOR then moves to match TOS,
discarding the two preserved path entries at once, as shown in
Figure 11(e). Consequently, placing a region boundary at the
re-convergence point bounds the lifetime of these preserved
entries.

C. iGPU Recovery Protocol

Upon detecting an imminent power outage, iGPU JIT
checkpoints each warp’s PDOM stack, excluding the volatile
RecoveredBit. Suppose power failure occurs when pro-
gram control is at point (f) in Figure 11 where (d) shows the
PDOM stack state at the moment of the failure. In the wake of
the failure, the recovery protocol is then triggered by the warp
scheduler. When WarpB is scheduled (first by default), iGPU
restores the entire stack and sets TOS to TOR, so recovery



TABLE II: Simulation configuration under a 100 uF capacitor and a solar power trace

iGPU | jGPU NVP-Inorder NVP-O00 CIM
Perf./Power Model Jetson Nano GPU (Maxwell) ARM A7 core ARM A1l5 core MOUSE [42]
#SMs (warp)/#cores/#tiles 1/2/4 SMs (32 threads per warp) 1 core 1 core 1/16/32 tiles
Clock, LII/L1D/Const/Tex/Shmem 200 MHz, 32/32/8/32/48 KB (NVSRAMCache [87]) 30.3 MHz, —

PDOM Stack/Warp Sched. 56 KB/GTO [ 40 KB/GTO

Off-chip/Main Memory

ReRAM-based NVM (tCK=0.94 ns, tBURST=7.5 ns, tRCD=18.0 ns,
tCL=15.0 ns, tWTR=7.5 ns, tWR=150 ns, tXAW=30 ns)

MTJ-based CRAM (P/AP resistance = 3.15/7.34 k),
Switching Current=40 pA, Time=3 ns [88]

starts from the bottom entry (left path) whose ActiveMask
is 1010 as shown in Figure 11(d). The recovery runtime
then inspects the RecoveredBit in the TOS entry, which is
initially unset because this bit was not checkpointed, triggering
warp-level idempotent recovery by overwriting NextPC with
the stored RecoveryPC (RechH.1). Once those threads re-
execute from Recd.1 through the end of the left path and
reach the re-convergence point, the RecoveredBit is set
so that rescheduling the warp does not trigger this recovery
again for the already recovered thread subgroup. Next, TOS
moves to the second entry in (d). Its unset RecoveredBit
triggers recovery of the other subgroup for the right path
from that entry’s RecoveryPC ([lecd.1). As on the left path,
these threads execute the recovery block (/74), re-executing
the right path up to the re-convergence point at which the
RecoveredBit is set.

VI. EVALUATION
A. Experimental Setting

We implement both iGPU and jGPU within the Accel-Sim
GPU simulator [89]. Since Accel-Sim targets desktop GPUs,
we adapt it to model the NVIDIA Jetson Nano [90], a single-
SM, 20 nm Maxwell embedded GPU, and configure both
designs accordingly. To evaluate performance under frequent
power outages, we conduct power modeling for the Jetson
Nano using AccelWattch [91]. Because iGPU utilizes NVM
for global memory, we replace Accel-Sim’s memory param-
eters with ReRAM-based NVM parameters and, correspond-
ingly, substitute the DRAM power components in AccelWattch
with NVM power data from NVSim [82]. Unless otherwise
specified, the power failure evaluations in Sections VI-C2
through VI-C4 use the default EHS configuration shown in
Table II, i.e., a 100 uF capacitor under a solar power trace.

The storage overhead of iGPU’s extended PDOM stack and
jGPU’s standard PDOM stack is calculated for the worst-case
scenario to ensure that JIT checkpointing of the stack remains
possible regardless of control divergence depth. We model a
maximum of 64 warps per SM, each provisioned with a 32-
entry PDOM stack, which suffices even when all 32 threads
in a warp follow a unique, nested divergence path, i.e., nested
control divergence happens 32 times.

As shown in Table II, iGPU and jGPU use the default
Greedy-Then-Oldest (GTO) warp scheduling policy in Accel-
Sim. Since iGPU’s compiler transformations are decoupled
from scheduling, the warp scheduler selects among ready
warps regardless of their idempotent regions, even after power
restoration. When a warp is first selected, iGPU redirects it to
the recovery code of its current region unless it has already

been recovered. Thus, some warps may still be recovering
while others make forward progress.

For comparison, we establish CPU baselines using the
gem5 [92] simulator to model both inorder and out-of-order
NVPs. These baselines employ a prior power-recovery mech-
anism for pipelined EHS cores [93], NVSRAMCaches [87],
and ReRAM-based NVM modeled via NVSim. Their power
is modeled using existing CPU power models [94], [95].
We additionally include MOUSE [42] as a CIM baseline.
Following the original MOUSE configuration in Table II, we
adopt modern STT-MRAM parameters [88] and a 30.3 MHz
operating frequency. The machine-learning (ML) benchmarks
are evaluated on MOUSE using an in-house simulator, with
each tile comprising a 1024 x 1024 array (128 KB).

B. Jetson Nano Power Modeling for iGPU

We adapt AccelWattch [91] to model the Jetson Nano
GPU’s power consumption. In AccelWattch, GPU power is
decomposed into constant (Propgt), static (Pyagc), and dynamic
(Paynamic) components as functions of active SMs and active
lanes. For the Jetson Nano, we use tegrastats [96] to collect
activity statistics and measure power in milliwatts on the
GPU power rail, VDD_GPU as NVML [97] and nvidia-
smi [98]—which AccelWattch relies on—are unavailable on
this platform. Also, AccelWattch measures GPU power at
65 °C, whereas we measure the Jetson Nano’s GPU power at
50 °C due to the board’s more limited thermal capability [99].

From the AccelWattch framework, we derive a Jetson-
specific power model by retaining only the terms rele-
vant to the VDD_GPU rail. Because tegrastats reports only
VDD_GPU, which captures the Jetson Nano GPU’s Py and
Piynamic, the board-level constant term Fo, falls outside the
measurement target and is therefore excluded. Moreover, since
the Jetson Nano has only one SM, there is no separate idle-
SM power contribution. For the dynamic power term, we adapt
AccelWattch’s component-level model to the Maxwell archi-
tecture by retaining only the units present on the Jetson Nano
GPU (e.g., excluding Tensor Core) and replacing the DRAM
term with NVM dynamic power estimated via NVSim [82].
The resulting model is:

N u B
g g Ly

P, est, yLanes — § + P, dyn,NVSim + P, static, yLanes
i—1 TelapsedTime

“)
where the term in parentheses represents the dynamic power;
Piatic, yLanes denotes the static power for a warp with y active
lanes; and for the ¢-th modeled component, a;, Ei, and z;
denote its activity count, uncalibrated base dynamic energy,
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Fig. 12: Speedup of out-of-order NVP, iGPU, jGPU, and MOUSE over the inorder NVP baseline without power failure

and calibration factor, respectively. We calibrate each x; on
66 AccelWattch microbenchmarks using the Sequential Least
Squares Quadratic Programming (SLSQP) solver [100]. The
final model achieves 6.8% + 2.4% mean absolute percentage
error (MAPE) against measured VDD_GPU power.

C. Performance Analysis

1) Performance Analysis without Power Failure: Before
evaluating power failure scenarios, we first examine all the
schemes in the absence of power outages to characterize their
baseline performance free of backup and recovery overhead.
In this experiment, JGPU denotes the Jetson Nano GPU
modeled in Accel-Sim [89] running the unmodified binary,
i.e., containing no register-checkpoint instructions for idem-
potent recovery. iGPU uses the same SM configuration and
differs only in that it runs the binary modified by the iGPU
compiler. jGPU is evaluated with the single SM of the Jetson
Nano, whereas iGPU is evaluated with 1, 2, and 4 SMs,
each additional SM replicating that same SM. This keeps
jGPU consistent with its evaluation under power failure in
Section VI-C3, where we explain why it is limited to a single
SM. Likewise, the CPU baselines incur no backup/recovery
overhead. For the CIM baseline, we evaluate MOUSE while
varying its tile-level parallelism (1, 16, and 32 active tiles).

Because MOUSE is applicable only to ML workloads, we
divide the benchmarks into non-ML and ML sets. The non-ML
set consists of representative Rodinia [101] and Parboil [102]
workloads, evaluated on both the GPU and CPU baselines. The
ML set includes microbenchmarks whose operations are com-
monly used in DNN inference (convolution (conv), ReLLU, and
pooling), together with MLPerf [103] inference benchmarks.
For fairness, we align the workload sizes across the CPU,
CIM, and GPU implementations of these ML benchmarks,
and measure equivalent execution windows rather than end-
to-end application time, i.e., the GPU kernel execution for
iGPU and jGPU, the CIM kernel execution for MOUSE, and
the equivalent code section for the CPU baselines.

Figure 12 shows that both GPUs deliver the strongest per-
formance among the general-purpose architectures, whereas
the OOO provides only modest improvement over the inorder
baseline. MOUSE is competitive only for the ML workloads
it targets, with performance scaling with the number of active
tiles. Comparing the two GPUs at the same single-SM config-
uration, jGPU outperforms iGPU by 161.6% on the non-ML

workloads and by 71.2% on the ML workloads in geometric
mean. The reason is that iGPU must additionally execute the
checkpoint instructions inserted by its compiler. The gap is
large enough that jGPU also outperforms iGPU with 2 SMs,
by 51.0% and 15.4% on the non-ML and ML workloads,
respectively. Only with 4 SMs does iGPU surpass jGPU, by
9.8% and 15.3% on non-ML and ML workloads. This relative
ordering, however, holds only with no power failure, since
jGPU never incurs JIT checkpointing overhead in this setting.

In the absence of power failure, more SMs yield a corre-
sponding performance improvement for iGPU, as expanding
from 1 to 2 SMs improves the geometric mean by 73.2% on
the non-ML workloads and by 48.4% on the ML workloads,
while doubling again to 4 SMs provides additional gains of
65.9% and 33.1%, respectively.

[ Ckpt (n0oSAT) A Ckpt (SAT)
[ Non-Ckpt (noSAT) EE Non-Ckpt (SAT)
-

Inst. Comp. (%)

Fig. 13: Instruction breakdown (1 SM)

2) Region Analysis in iGPU Compiler: Before analyzing
capacitance-aware region partitioning, we first examine the
compiler decisions shown in Figure 5 for dealing with check-
point overwriting and placement. For all evaluated bench-
marks, the checkpoint overwriting problem is resolved entirely
through register renaming, and none requires the fallback
checkpoint coloring mechanism. Register pressure thus re-
mains manageable even when longer regions require more
renamed registers. Regarding the checkpoint-storage allocation
decision (Figure 5), fallback to local memory is also rare; for
most benchmarks, iGPU stores all checkpoints in shared mem-
ory, even after reflecting program’s shared-memory usage.

Table III shows how capacitance-aware partitioning changes
the number and size of regions across capacitor sizes and SM
counts. Note that ml_cifar and ml_esc share identical rows,
as do ml_kws and ml_vww, since each pair invokes the same
GPU kernels and thus compiles to the same code, though they



[ iGPU (1 SM) EEHiGPU (2 SM) B iGPU (4 SM) EEE jGPU (1 SM) [ NVP-000

[ iGPU (1 SM) BB iGPU (4 SM) [EEE MOUSE (1 tile) [ MOUSE (32 tiles)

[ iGPU (2 SM) [EEH jGPU (1 SM) [ MOUSE (16 tiles) == NVP-O00

NN
u o wu

Non-ML Speedup
=
o

(NVP-Inorder=1.0x)

w

o

ML Speedup
(NVP-Inorder=1.0x)
Hoe NN
(%3 o w o w

o

Fig. 14: Speedup of out-of-order NVP, iGPU, jGPU, and MOUSE over the inorder NVP baseline under power failure

TABLE III: Region characteristics. Each entry lists 1/2/4 SMs.

Workload Region count Avg region size

MoSAT] 50 uF 100 uF 500 uF 1000 uF [noSAT] 50 gF | 100 pF 500 uF 1000 uF
backprop 27 | 143/172/- | 38/88/172 | 27/27/29 | -127/27 | 9.8 [2.5/2.2/-| 7.3/3.72.2 | 9.8/9.8/9.2 -19.8/9.8
b+tree 92 | 390/399/- | 330/357/399 |114/131/135|-/114/131| 7.3 |2.2/2.1/- | 2.4/2.4/2.1 6.1/5.4/5.4 -16.1/5.4
cfd 32 | 773/811/-| 661/687/811 | 38/49/562 | -/37/49 | 31.7 |2.2/2.1/-| 2.4/12.3/2.1 | 27.4/22.8/2.6 | -/27.8/22.8
hotspot 18 | 164/168/- | 158/162/168 | 18/22/30 | -/18/22 | 14.4 | 2.4/2.4/-| 2.5/2.5/2.4 | 14.4/12.3/9.9 | -/14.4/12.3
nn 3 9/24/- 3/4/24 3/3/3 -13/3 16.0 | 6.1/2.7/- |16.0/12.5/2.7| 16.0/16.0/16.0 | -/16.0/16.0
nw 167 |981/1016/-620/637/1016(167/223/207|-/167/223| 7.3 | 2.0/2.0/- | 2.8/2.7/2.0 7.3/5.9/6.4 -/7.3/5.9
pathfinder 17 93/97/- 78/80/97 17/17/20 | -11717 9.6 |24/23/-| 2.712.7/2.3 9.6/9.6/8.6 -/9.6/9.6
srad_v2 48 | 361/369/- | 281/336/369 | 48/54/65 | -/48/54 | 11.8 | 2.1/2.1/-| 2.6/2.2/2.1 | 11.8/10.6/9.1 | -/11.8/10.6
Ibm 3 237/241/- | 226/232/241 3/5/15 1315 102.3 [ 2.172.1/- | 2.2/2.172.1 [102.3/64.0/22.4|-/102.3/64.0
spmv 12| 134/138/- | 85/105/138 | 14/15/20 | -/14/15 | 17.6 |2.3/2.2/-| 3.2/2.7/2.2 | 15.7/15.1/11.8 | -/15.7/15.1
stencil 37 | 219/221/- | 191/193/221 | 37/37/142 | -/37/37 | 9.2 |2.2/2.1/- | 2.4/12.4/2.1 9.2/9.2/3.0 -19.2/9.2
mi_cifar 85 | 480/511/-|365/382/511 | 87/88/123 | -/87/88 | 10.5 |2.4/2.3/- | 3.0/2.9/2.3 | 10.4/10.3/7.7 |-/10.4/10.3
ml_esc 85 | 480/511/-|365/382/511 | 87/88/123 | -/87/88 | 10.5 |2.4/2.3/- | 3.0/2.9/2.3 | 10.4/10.3/7.7 |-/10.4/10.3
ml_ic 74 | 444/495/- | 313/338/495 | 77/80/111 | -/76/80 | 12.4 |2.6/2.4/-| 3.5/3.3/2.4 | 12.1/11.8/8.8 | -/12.2/11.8
ml_kws 99 | 652/703/- | 518/546/703 {102/112/158|-/101/112] 12.2 |2.5/2.3/- | 3.0/2.9/2.3 | 12.0/11.1/8.3 | -/12.0/11.1
ml_mnist 84 | 524/564/- | 388/420/564 | 87/94/127 | -/86/94 | 11.7 |2.4/2.3/-| 3.1/2.9/2.3 | 11.4/10.7/8.2 | -/11.5/10.7
ml_sw 88 | 583/624/- | 463/490/624 | 91/100/146 | -/90/100 | 12.0 |2.4/2.3/-| 2.9/2.8/2.3 | 11.7/10.9/7.9 | -/11.8/10.9
ml_vww 99 | 652/703/- | 518/546/703 |102/112/158|-/101/112| 12.2 |2.5/2.3/-| 3.0/2.9/2.3 | 12.0/11.1/8.3 | -/12.0/11.1
ml_conv 18 | 124/126/- | 117/122/126 | 19/20/43 | -/20/20 | 11.9 |2.2/2.2/-| 2.4/2.3/2.2 | 11.5/11.2/5.6 | -/11.2/11.2
ml_pooling|| 24 | 134/136/- | 120/125/136 | 24/24/31 -124/24 9.6 |2.3/23/-| 2.512.4/23 9.6/9.6/7.6 -/9.6/9.6
ml_relu 3 3/5/- 3/3/5 333 -13/3 1.7 [11.7/7.8/-11.711.7/7.8| 11.711.7/11.7 | -11.7/11.7
AVG 53 | 361/383/- | 278/297/383 | 55/62/107 | -/55/62 | 16.7 | 2.9/2.5/- | 4.0/3.6/2.5 | 16.3/13.8/8.9 | -/16.3/13.8

differ in layer shapes and input sizes. In the 1 SM configu-
ration, without the SAT constraint, the compiler generates an
average of 53 regions per workload, with an average region
size of 16.7 instructions. The 1000 pF entry is omitted at 1
SM because the partitioning has already converged at 500 uF,
where the SAT budget is loose enough that relaxing it further
leaves the region count and size essentially unchanged. As the
capacitor shrinks to 500 pF, 100 pF, and 50 pF, the region count
increases to 55, 278, and 361, while the average region size
decreases to 16.3, 4.0, and 2.9, respectively. This trend aligns
directly with the SAT constraint: a smaller capacitor lowers
the number of instructions that a region can safely execute.

Also, increasing the SM count tightens the SAT budget in
the same manner as shrinking the capacitor, since the same
stored energy now supplies more active SMs simultaneously
and drains faster, reducing the safe execution time available
to each SM. This trend holds across all capacitor sizes in
Table III: the region count rises and the average region size
falls as the number of SMs increases. Doubling the SM count
has the same effect as halving the capacitance, so some entries
repeat across the table. Both 1000 pF on 4 SMs and 500 pF on
2 SMs yield 62 regions, and both 100 puF on 4 SMs and 50 pF
on 2 SMs yield 383. The 50 uF configuration on 4 SMs, the
strictest setting, is omitted because its SAT budget falls below
the minimum viable region size.

Figure 13 shows the instruction breakdown between
register-checkpoint stores and non-checkpoint instructions.
By adding region boundaries, SAT raises the checkpoint-
store fraction from 28.0% to 44.9% on average, yet non-
checkpoint instructions remain the majority of the stream

at 55.1%. Capacitance-aware partitioning prevents stagnation
while keeping checkpoint stores below half of the executed
instructions; this translates to only 0.7-1.6% of the power-on
period being spent on re-execution (Section VI-C3). This also
justifies enforcing SAT in a best-effort manner rather than as
a strict guarantee, which would require scaling Equation 3 by
the maximum warp occupancy of an SM to cover the worst
case across all co-scheduled warps; the resulting excessively
short regions would generate far more checkpoints, inflating
both the checkpoint-store fraction and run-time overhead.

3) Performance Analysis with Power Failure: Figure 14
presents the performance of iGPU under intermittent power,
accounting for both normal execution during power-on periods
and recharge time during power-off periods. Overall, iGPU
consistently outperforms jGPU under the default setting across
both non-ML and ML workloads. On the non-ML workloads,
iGPU achieves an average speedup of 8.51x (1 SM) to 10.17x
(4 SMs) over the inorder NVP baseline, while jGPU achieves
3.99x; on the ML workloads, iGPU achieves 7.00x to 7.59x,
while jGPU achieves 2.61 x. The key reason is that jJGPU must
checkpoint the full volatile SM state upon imminent power
failure, including the massive GPU RF, whereas iGPU avoids
such JIT checkpointing and instead recovers by re-executing
only the interrupted region, allowing more harvested energy
to be spent on useful forward progress. Although adding SMs
to jGPU could narrow this gap, JIT checkpointing the RF of
every SM would drive Vpackyp to impractical levels (Table I).

Figure 14 also shows that iGPU outperforms the CIM base-
line. Although MOUSE benefits from low backup overhead
and efficient in-memory execution [42], its best configuration
(16 tiles) reaches an average speedup of only 4.50x, compared
with 7.00-7.59x for iGPU, and iGPU matches or exceeds
MOUSE’s performance on every ML workload.

Another interesting observation from Figure 14 is that
iGPU’s benefit from additional SMs does not scale proportion-
ally with the SM count. Moving from 1 to 2 SMs improves
the non-ML and ML geometric means by 9.9% and 7.9%,
respectively. Doubling the SM count again to 4 SMs adds
8.8% on the non-ML workloads yet only 0.5% on the ML
ones, implying that the second doubling provides almost no
additional benefit for ML workloads. Notably, none of these
gains approaches the 73.2% and 48.4% obtained from 1 to
2 SMs, or the 65.9% and 33.1% from 2 to 4 SMs, under
continuous power (Figure 12). Thus, added SMs offer limited



benefit under intermittent power for either workload type. This
is because most of the elapsed time under power failure, i.e.,
the sum of power-on and power-off periods, is spent recharging
the capacitor. Adding SMs accelerates execution, but the time
saved is small relative to this dominant recharge time. The
total elapsed time thus shrinks only slightly, which limits the
speedup from additional SMs. Since scaling to more SMs
replicates an entire SM along with iGPU’s extended PDOM
stack, the 1 SM configuration is the most cost-effective,
retaining most of the benefit at the smallest area cost.
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Fig. 15: Breakdown of power-on period

Beyond this scaling behavior, Figure 15 shows how iGPU’s
power-on time is spent, breaking it into normal execution
and re-execution, where re-execution covers the recovery code
and the replay of the interrupted region; to be conservative,
re-execution is not considered complete while any warp is
still recovering or replaying. Across the evaluated workloads,
normal execution dominates, averaging 99.3%, 98.8%, and
98.4% of the power-on period at 1, 2, and 4 SMs, respectively,
and leaving only 0.7-1.6% for re-execution. Thus, region re-
execution, while essential for correct recovery, never compro-
mises the performance advantage of the GPU. This fraction
grows slightly with SM count even though re-execution time
itself does not grow; each outage costs slightly more because
more warps must be recovered, but they recover concurrently
across the added SMs, potentially resulting in fewer outages
due to energy savings from race-to-halt [104] execution. As
a result, the overall power-on period shrinks faster than the
re-execution time, a trend that Figure 17 confirms.

4) Sensitivity Analysis Varying Power Trace and Capacitor
Size: Figure 16 summarizes the performance trends across
four power traces and four capacitor sizes. Across all settings,
iGPU stays competitive with the CIM baseline and consistently
outperforms jGPU, showing that the benefit of avoiding a JIT
checkpoint of the entire volatile SM state extends well beyond
the default solar, 100 uF setting. The gaps among architectures,
however, narrow as the capacitor size grows, with the highest
normalized speedup falling from 10.60x at 50 pF to 1.88x
at 1000 puF. A larger capacitor stores more energy, SO every
architecture completes more work before each outage and
incurs its backup or recovery overhead less often.

Moreover, recharge time grows with the capacitor size,
whereas the power-on time is bounded by the workload itself.
Power-on time thus accounts for a shrinking fraction of total
elapsed time, falling by more than 10x from 0.0138% at 50 pF
to 0.0012% at 1000 uF under the solar trace at 1 SM. This
longer recharge time applies to iGPU, jGPU, and CPU and
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Fig. 16: Overall trend of speedups over inorder NVP

CIM baselines alike, further narrowing their speedup gaps.
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Fig. 17: Overall trend of power-on period breakdown

Figure 17 then decomposes the power-on period into normal
execution and re-execution, along with the average number of
power outages across four power traces. The larger energy
budget makes power outages rarer, with the average number
across the 4 traces falling from 11.0, 8.2, and 6.9 at 50 pF to
0.5, 0.4, and 0.4 at 1000 pF for 1, 2, and 4 SMs, respectively.
Re-execution shrinks accordingly, occupying about 2-3% of
iGPU’s power-on time at 50 uF, 1-2% at 100 pF, and roughly
1% or less at 500 puF and 1000 pyF. Adding SMs also reduces
outages with the help of race-to-halt [104] energy savings, i.e.,
it accelerates execution and allows each application to finish
in fewer power cycles despite the higher power consumption.
Across every capacitor size and power source, however, the
re-execution fraction grows slightly with the SM count, as
accelerated execution shortens the power-on period more than
reduced outages shorten re-execution time, rather than more
SMs incurring additional re-execution.

5) Hardware Cost Analysis: Both iGPU and jGPU require
additional hardware. Based on CACTI 7.0 [105] at 22 nm,



jGPU incurs much higher hardware overhead, as it relies on
full JIT checkpointing of volatile SM state. The GPU RF
dominates this overhead, requiring a 256 KB NVFF per SM
(0.18 mm?). jGPU must also preserve the OCB (48 KB) and
the standard PDOM stack (40 KB), which are checkpointed to
NVM on power failure, bringing the volatile state saved per
SM to 344 KB while leaving the added area at approximately
0.18 mm?. The RF NVFF also lies on the critical path of SM
backup/restore, with an access cost of 0.43 ns/47.8 pl.

In contrast, iGPU requires only lightweight support for
divergence-aware recovery. The added RecoveryPC field per
PDOM stack entry, the 1-bit volatile RecoveredBit, and the
per-warp TOR pointer extend the live PDOM stack by 16 KB
per SM. Under the worst-case provisioning in Section VI-A,
the full extended stack totals 56 KB per SM, checkpointed
on power failure as in QuickRecall [71]. This adds only
0.012 mm? of SRAM per SM, roughly 15x smaller than
jGPU’s added hardware area. The extension is also fast and
energy-efficient, requiring only 0.18 ns/3.9 pJ for the 16 KB
SRAM access, while the 56 KB stack checkpoint is written
to NVM only upon power failure, off the SM datapath, and
therefore never affects normal execution.

VII. DISCUSSION

Applicability: iGPU is not tied to a specific AI model. As
long as a kernel executes through the regular SM datapath at
the warp level, it can be compiled by the workflow in Figure 5,
whether it implements an attention or recurrent layer.

Tensor Core: It is outside iGPU’s scope, as it bypasses
the standard warp-level SM datapath; its operands are deliv-
ered through specialized datapaths, and the matrix operation
proceeds inside the accelerator. Re-executing the region does
not by itself restore the Tensor Core’s microarchitectural state
of the in-flight matrix operation, so a power outage during
such an operation cannot be handled by iGPU’s per-warp
idempotent recovery. Supporting Tensor Cores would therefore
require a separate mechanism to preserve or reconstruct this
state, e.g., JGPU-style JIT checkpointing, whose evaluation in
turn demands an accurate Tensor Core power model that our
methodology (Section VI-B) does not yet provide.

VIII. OTHER RELATED WORK
A. Intermittent Inference and Accelerators

On MSP430 [35], intermittent DNN inference has been
accelerated with LEA [34], and subsequent work has further
improved forward progress across outages while reducing
inference-state overhead [36]-[38], [106]. Beyond these de-
signs, ultra-low-power accelerators for constrained edge plat-
forms include programmable CGRAs, dataflow architectures,
and related reconfigurable designs [107]-[111]. While these
improve the efficiency and programmability of data-parallel
execution, they largely target continuous operation rather than
intermittent computation. Targeting EHSs directly, volatile FP-
GAs have been studied as intermittent accelerators [112], Bob-
ber [113] provides a prototyping platform, and Samoyed [114]
enables safe peripheral and accelerator execution.

B. Intermittent Computing Support for CPUs

Idempotent processing [57] has been widely explored by
compiler-based approaches as a roll-back recovery solution
for intermittent computing on CPU-based EHSs. Prior work
forms idempotent regions, checkpoints only minimal volatile
state at region boundaries, and reduces re-execution cost via
instruction reordering and loop optimizations [46], [115].
Other approaches reduce recovery overhead through task-
based execution, compiler-directed control of re-execution,
and dynamic selection between roll-back and roll-forward
recovery [48], [52], [67], [80], [116]-[118]. Recent work
also addresses volatile state management through cache and
memory mechanisms [51], [86], [119]-[125], as well as con-
ventional memory hierarchy optimizations [126]-[128].

C. Roll-back Recovery for GPUs

Unlike the EHS works above, prior GPU recovery mech-
anisms [59], [78], [129] assume that power is never lost,
localizing a fault to the affected warp when it is triggered
either by an exception [59] or by data corruption induced
by soft errors [130]-[134]. Since recovery is confined to that
warp’s current region, none of these mechanisms reconstructs
all threads’ state in a warp or preserves metadata for divergent
paths already completed. A power outage, in contrast, inter-
rupts all warps at once, including inactive divergent subgroups
and unscheduled warps, requiring iGPU to reconstruct the state
of every thread. This requirement introduces the divergence
challenges described in Sections IV-D1 through IV-D3, be-
cause subgroups may have progressed along different control-
flow paths before the outage. Also, iGPU must guarantee crash
consistency and region-level persistence—which a continu-
ously powered GPU never requires.

IX. CONCLUSION

This paper presents iGPU, a novel compiler/architecture co-
design that enables GPUs for energy harvesting systems. We
find that naively applying prior JIT checkpointing to GPUs is
impractical due to the excessive hardware and energy overhead
of saving the GPU register file. Instead, iGPU leverages
both control-divergence- and capacitance-aware idempotent
processing to restore volatile registers of warps by restart-
ing power-interrupted regions in a failure-atomic manner. By
extending the standard post-dominator stack, iGPU correctly
recovers all threads even in the presence of control divergence
in a warp. Under the default setting, iGPU achieves average
speedups of 2.38-2.71x over jGPU, 7.76-8.85x over the
CPU baseline, and 1.56-1.69x over the CIM baseline on ML
workloads. We believe that iGPU offers foundational compiler
and architectural support for GPU-based EHSs, laying the
groundwork for future research in this emerging area.
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