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Abstract. Statistical static timing analysis (SSTA) is a critical com-
ponent of modern Electronic Design Automation (EDA) flows for mod-
eling on-chip process variations. Among various SSTA methods, first-
order block-based SSTA (FB-SSTA) supports efficient level-by-level tim-
ing propagation with high data parallelism, making it particularly suit-
able for GPU acceleration. However, existing GPU-based FB-SSTA solu-
tions assume that the entire timing graph and data fit in GPU memory,
an assumption that breaks down as circuit size increases. To overcome
this challenge, we propose G-STAR, a GPU-accelerated FB-SSTA algo-
rithm designed for memory-constrained FB-SSTA workloads. G-STAR
enables efficient levelized FB-SSTA via level-by-level replication, com-
bined with a replicated-pin scheduler that reuses GPU memory and
avoids redundant phase propagation. Compared to a state-of-the-art
GPU solution, G-STAR achieves up to 9.24x speedup on large designs
and successfully completes FB-SSTA on multi-million-pin circuits where
the baseline fails due to GPU out-of-memory errors.

1 Introduction

Statistical static timing analysis (SSTA) is a critical stage in Electronic Design
Automation (EDA). Compared to traditional static timing analysis (STA), it
enables more accurate delay estimation by modeling on-chip process variation
(OCV) as random variables [3]. Among existing SSTA solutions, Monte Carlo-
based SSTA (MC-SSTA) has been widely explored. For example, [8] introduces
an MC-SSTA framework that uses QMC sampling and Karhunen-Loéve expan-
sion to reduce dimensionality. Although MC-SSTA achieves high accuracy, the
reliance on extensive sampling often leads to very long runtime (e.g., hours for
million-gate designs [7]), limiting its practical use in industrial settings.

To overcome this runtime limitation, [9] introduces first-order block-based
SSTA (FB-SSTA), a level-by-level timing-propagation method that approxi-
mates timing distributions by linearly propagating statistical moments. Unlike
MC-SSTA, FB-SSTA computes first-order sensitivities of all timing quantities to
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each variation source, so it does not require any time-consuming sampling pro-
cesses. Figure 1(a) illustrates the FB-SSTA process on a circuit of two gates [7].
In the circuit, each pin stores multiple phases of timing quantities, such as delay
(d), voltage fluctuation (AV'), temperature shift (AT'), and others projected to
one PVT (Process, Voltage, Temperature) condition. In this example, we show
three phases, so each pin stores three phases of timing quantities. In real designs,
there can be hundreds or even thousands of phases [4]. To perform FB-SSTA on
this circuit, a common solution is to construct its level list, as shown in Fig. 1(b),
and then propagate the timing quantities level by level from primary input (PI)
pins to primary output (PO) pins through the circuit network.
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Fig. 1. (a) Hlustration of first-order block-based SSTA (FB-SSTA) on a circuit of two
gates. (b) Timing quantities are propagated level by level from primary inputs (PIs) to
primary outputs (POs). (¢) Required GPU memory of existing level-by-level FB-SSTA
algorithms can exceed the available capacity when the phase count is large (e.g., 1024).

The level-by-level propagation in FB-SSTA, together with the massive data
parallelism that appears as circuits grow in size and complexity, makes FB-SSTA
well-suited for GPU acceleration. To this end, [6] presents a GPU-accelerated
FB-SSTA framework that parallelizes levelized timing propagation while explic-
itly handling spatial correlations through principal component analysis. More
recently, [5] proposes a GPU-accelerated FB-SSTA engine that models statisti-
cal timing propagation in a differentiable form to support downstream physical
design optimization. Despite runtime improvement via GPU, nearly all exist-
ing GPU-based FB-SSTA solutions assume that the entire timing graph and its
data, i.e., the level list and phase data in Fig. 1(b) fit in GPU memory. In other
words, they overlook a practical challenge, one we encountered when working
with a major EDA vendor, the ever-increasing phase complexity and circuit size
cannot easily be accommodated within GPU memory. For example, as shown in
Fig. 1(c), under 1024 phases, performing level-by-level FB-SSTA on leon2 (4.3M
pins) requires 66.0 GB of GPU memory. This exceeds the 48.0 GB available on
Nvidia RTX A6000, which is already large for modern GPUs.

To address this memory challenge, [1] proposes G-STP, a GPU-accelerated
FB-SSTA algorithm designed specifically for memory-constrained SSTA work-
loads. G-STP models an FB-SSTA workload as a task graph, where each task
represents the propagation of timing quantities at a pin and each edge represents
the dependency between two tasks. It then pre-allocates the maximum available
GPU memory and uses a job queue to schedule these propagation tasks pin



G-STAR 555

by pin. This scheduling process is GPU memory—-aware coupled with a heuris-
tic to minimize the GPU memory footprint during execution. However, G-STP
has two major drawbacks. First, it relies on a job queue to decide which pin
to process next, which can introduce significant CPU scheduling overhead as
the circuit size grows. For example, under a circuit with 397.8K pins, this over-
head can reach 26.46% of the total runtime (discussed later in Fig. 7). Second,
based on its scheduling strategy, G-STP launches kernels and data transfers pin
by pin, leading to excessive kernel and data transfer launches when the circuit
size grows. Since each launch only handles the timing propagation of a single
pin, these small, frequent launches underutilize the GPU’s parallel resources and
become highly inefficient.

Consequently, we propose G-STAR, a GPU-accelerated SSTA engine that
performs fast levelized timing propagation through a level-by-level replication
strategy. To enable correct levelization of timing quantities under limited GPU
memory, G-STAR inserts replicated pins on selected levels. It also introduces a
replicated-pin scheduler that reuses GPU memory locations to reduce memory
usage after replication, together with an efficient GPU kernel that minimizes
unnecessary computation and memory accesses on replicated pins. We evaluate
G-STAR on ten industrial circuits generated by OpenTimer and compare it with
G-STP. Experimental results show that G-STAR achieves up to 9.24x speedup
in overall SSTA performance on large designs, and successfully completes SSTA
on several circuits with more than 3M pins where G-STP fails due to GPU
out-of-memory (OOM) errors.

2 Background
2.1 Problem Formulation

G-STAR is inspired by the memory-constrained SSTA problem introduced by
G-STP [1], as well as our collaboration with a major EDA vendor to retarget
their FB-SSTA tool to GPUs. For simplicity, we hereafter use the term SSTA to
denote the FB-SSTA paradigm. As illustrated in Fig. 2, consider the two-phase
case: in (a), each circuit pin stores two phases of timing quantities, where each
phase contains one min delay (d™") and one max delay (d™*). On the GPU,
these delays are organized into a min phase vector (P, ) and a max phase vector
(Ppnaz), as shown in (b). The length of both P,,;, and Pp,.. equals the phase
count, which is two in this example. We refer to these two vectors collectively
as phase data. With these organizations, the goal is to propagate phase data
from PIs to POs of the circuit, a process we refer to as phase propagation.
Phase propagation becomes more expensive as the number of phases increases,
since each pin must store a longer phase vector in memory. In practice, the phase
count often reaches the thousands, resulting in substantial storage demands [4,7].
Following the G-STP formulation and current industrial practice [1], we focus on
circuits whose phase data fit in CPU memory but cannot be fully accommodated
in GPU memory as the phase count increases. Although CUDA Unified Memory
could be used in this case, it is not ideal for high-performance SSTA kernels
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with predictable access patterns, since automatic CPU-GPU migration may
trigger unnecessary page faults and degrade performance. Therefore, we manage
memory transfers explicitly to maintain predictable performance.

Figure 2(c) illustrates the phase propagation process from pins PI1 and P12
to pin ¢ through gate AND1. Here, P'min and P'max represent the min and
max phase vectors of pin 7. The phase vectors from PI1 and PI2 first propa-
gate to a and b by adding the edge delays (deqqe), and are then combined at
AN D1 using min and max operations. These operations are guided by a per-gate
permutation vector (7), whose length equals the phase count (two in this exam-
ple). In SSTA, 7 aligns random-variable coefficients so timing operations can be
computed correctly [1]. It defines how the input phase vectors are combined to
produce the output phase vectors, as described in Eq. 1. If a gate has multiple
outputs, the same permutation vector is shared across all outputs.
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Fig. 2. (a) lustration of SSTA on the circuit in Fig. 1. (b) Under two phases, each pin
carries two sets containing one min delay (d™") and one max delay (d™*"), arranged
in one min phase vector (Ppin) and one max phase vector (Ppnasz) on GPU. (¢) Phase
vector (Ppin and Ppes) propagation from PI1 and PI2 to pin ¢ through gate AND1.
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Equation 1 shows how the min phase vector of pin ¢ (P,;,,) is computed. For
each entry i in P¢ . . we use the permutation vector 7 to select the corresponding
entries from P2, and P°. . We then add the appropriate edge delays and take
the min of the two resulting values. This produces the result for entry i in P, .
The max phase vector of ¢ (P¢,,.) is computed in the same way, except that the

min operation is replaced with max.

2.2 Limitations of State-of-the-Art Methods

Recent GPU-accelerated SSTA frameworks [2,5,6] improve performance by
exploiting the large amount of data parallelism in SSTA, but they assume that
the entire timing graph and all phase data fit in GPU memory. This assump-
tion becomes impractical as circuit size and phase count grow. To address this
issue, G-STP [1] introduces a GPU-parallel approach for memory-constrained
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SSTA workloads. As shown in Fig. 3(a), G-STP models phase propagation as a
task graph, where each task performs phase propagation for a single pin, includ-
ing CPU-GPU data transfers and GPU kernel execution. During execution, the
scheduler maintains a job queue to decide which pin to process next, and trans-
fers only the required phase data into pre-allocated GPU memory, as illustrated
in Fig.3(b). This pin-by-pin scheduling strategy reduces GPU memory usage
through a memory-aware scheduling heuristic.
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Fig. 3. (a)—(b) illustrate SSTA in G-STP. (a) The task graph representation of the
circuit in Fig. 1. (b) The task graph is scheduled on G-STP’s task scheduler to perform
SSTA. (c¢)—(e) demonstrate the OOM issue in G-STP. (c¢) An example task graph
assuming the GPU can store phase data for three pins. (d) A successful scheduling of
the task graph. (e) A failed scheduling where G-STP encounters a GPU OOM error.

Although G-STP can perform SSTA under limited GPU memory, its pin-by-
pin scheduling strategy introduces two major drawbacks. First, it incurs high
CPU scheduling overhead and many small GPU operations, including frequent
kernel launches and memcpys, which reduces GPU utilization. Second, the sched-
uler can still fail with GPU out-of-memory (OOM) errors because task execution
depends on the order in which ready tasks are selected. This behavior is shown in
Fig. 3(c)—(e). In this example task graph (c), we assume that after tasks Al and
B1 are scheduled, both tasks C1 and A2 become ready. In (d), if the scheduler
happens to pick C1 next, then tasks Al, B1, and C1 can finish and free their
memory slots for the remaining tasks, and the schedule succeeds. However, in
(e), if the scheduler instead picks A2 first, then A2 occupies the memory slot
that C1 needs. Once A2’s phase data are loaded, all three memory slots become
full, leaving no free slot for C1’s phase data. Because C1 cannot be scheduled
for phase propagation, G-STP reaches a dead end and encounters a GPU OOM
error, meaning the GPU has no available memory to load the phase data for the
next required pin.

To reduce CPU scheduling overhead and better utilize GPU parallelism,
many existing works [5-7,9] use levelized phase propagation, which processes
phase data level by level in batches. However, this approach becomes increas-
ingly limited by GPU memory capacity as circuit size and phase count grow.
Existing implementations often store the entire levelized structure and all asso-
ciated phase data on the GPU, which can exceed available GPU memory for
large circuits with millions of pins, as illustrated in Fig. 1(c).
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3 G-STAR

As a consequence, we introduce G-STAR, a GPU-accelerated SSTA algorithm
based on the levelized approach. To enable levelized phase propagation under the
GPU memory constraint, we first identify the minimum amount of phase data
that needs to be stored on the GPU at once. In levelized propagation, phase
data can be propagated between adjacent levels as long as no multi-level (i.e.,
> 2) dependencies exist. In this scenario, we try to store only two consecutive
levels of phase data, a previous level (prev) and a current level (cur), to reduce
the GPU memory requirement, as shown in Fig. 4. Specifically, we pre-allocate
one prev buffer and one cur buffer on the GPU, each large enough to hold the
phase data of the largest level in the circuit (three pins in this example). During
phase propagation, we first transfer the phase data of the previous level from
the CPU to prev, and then launch a kernel that propagates the entire level of
phase data from prev to cur. After the kernel finishes, we transfer the results in
cur back to the CPU. Finally, we perform a pointer swap between prev and cur
so that, in the next level, the kernel can again read from prev and write to cur
without extra memcpy overhead. This full process is illustrated in Fig. 4(b).
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Fig. 4. Illustration of levelized phase propagation on GPU when only two consecutive
levels (prev and cur) of phase data are stored. (a) Level list from Fig. 1. (b) Incorrect
propagation caused by a multi-level dependency. (¢) We replicate pin e twice to remove
its multi-level dependency so that the phase data propagate correctly from e to f.

However, while this method only requires storing two consecutive levels of
phase data, it can produce incorrect phase results, as illustrated in Fig.4(b).
After the kernel propagates the phase data from level 4 to level 5, the phase
data of pin f are incorrect because the phase data of its dependent, pin e, never
get propagated to level 4 due to the multi-level dependency between e and f.

To address this problem, the key idea behind G-STAR is to reconstruct the
level list by inserting replicated pins in selected levels to replace all multi-level
dependencies with adjacent-level dependencies. In G-STAR, we first apply a
level-by-level replication algorithm to insert replicated pins where necessary,
ensuring that phase data are propagated correctly. We then apply a replicated-
pin scheduler to reuse GPU memory locations for replicated pins and reduce the
memory overhead introduced by replication. Finally, G-STAR performs levelized
phase propagation with an efficient GPU kernel.
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Algorithm 1: Level-by-level replication

1 // L: original level list

2 // pq: fanout pins ordered by level (descending)

3 foreach ! € L do

4 |foreach cur_peldo

5 push fanouts with multi-level dependencies into pq;

6 flargest — pq-pop();

7 insert replicated pins between cur _p and fiargest;

8 add adjacent-level dependencies (original + zero delay);

9 while pg not empty

10 ‘ f < pg.pop(); connect f to its replicated pin with original delay;

3.1 Level-by-Level Replication Algorithm

G-STAR replaces all multi-level dependencies with adjacent-level dependen-
cies in the level list through a level-by-level replication algorithm, as shown
in Fig.4(c). To remove the multi-level dependency from pin e to pin f (marked
in red in (a)), we insert two replicated pins of e in levels 3 and 4 and connect
them with adjacent-level dependencies. Because phase data must accumulate
edge delays as they propagate, the final inserted dependency from the replicated
pin in level 4 to f (marked in orange) must preserve the original delay of the
multi-level dependency it replaces, while the remaining inserted dependencies
(dashed) have zero delay. With these replicated pins in place, the phase data of
e are correctly propagated to level 4 and appear in prev, allowing us to compute
the phase data of f correctly.

Algorithm 1 details this strategy. For each pin cur_p in each level, we exam-
ine its fanout pins and push those with multi-level dependencies into a priority
queue ordered by descending pin level (lines 3-5). We then pop the fanout pin
with the largest level figrgest, and insert the necessary replicated pins between
cur_p and figrgest; adding adjacent-level dependencies with the appropriate
original or zero delay (lines 6-8). Next, we pop the remaining fanout pins from
the queue and link each to its corresponding replicated pin using one dependency
edge that preserves the original delay, without introducing extra replicated pins.

3.2 Replicated-Pin Scheduler

Although the level-by-level replication algorithm enables correct phase propaga-
tion, it can still introduce a large number of replicated pins into the reconstructed
level list. This is because modern circuits contain many multi-level dependen-
cies, and these dependencies often span many levels. To replace such long-range
dependencies with adjacent-level dependencies, a pin may need to be replicated
multiple times across multiple intermediate levels. For example, as illustrated
in Fig.5(a)—(b), removing only three multi-level dependencies requires adding
eight replicated pins, even though the original level list contains only seven pins.
To mitigate this issue, we design a replicated-pin scheduler for G-STAR that
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Algorithm 2: Replicated-pin scheduler

1 // lifetimerep: a vector of [prep, first level, last_level|
2 // slots: alist of [slot _index, free_level]
3 foreach prep € Lyep

4 | |[first_level, last_level] — get lifetime(prep);
5 |lifetimeyep.push(prep, first _level, last_level);
6 sort lifetimeyep by first level (ascending);

7 foreach [prep, first_level, last_level] € lifetimerep
8 | assign < false;

9 |foreach [slot index, free_level] € slots

10 if free level < first level

11 Drep-slot_index «— slot_index;

12 free_level < last_level + 2;

13 assign < true; break;

14 |if lassign

15 slot_indexpew — slots.size();

16 free_levelnew «— last _level 4 2;

17 Drep-slot _index «— slot _indexpew;

18 slots.push(slot _indeznew, free levelnew);

reuses GPU memory locations (slots) to reduce the memory requirement after
replication.

As part of this design, we pre-allocate a standalone rep buffer on the GPU to
store phase data exclusively for replicated pins, and use the scheduler to assign
each replicated pin to a memory slot in rep for its phase data. Because the
phase data of replicated pins reside entirely in rep, they are reused across levels
without being transferred back to the CPU, avoiding additional CPU-GPU data
transfer overhead. Algorithm 2 details this scheduler design. The scheduler first
computes the lifetime of each replicated pin p,¢p, defined by the first and last
levels at which the pin appears (lines 3-5). A replicated pin’s phase data are
written only once at its first level (first level) and read only once at its last
level (last_level). Within this lifetime, no additional phase computation or data
transfer is required. The scheduler then sorts replicated pins by their first level
and assigns them to slots in rep using a greedy reuse strategy: if an existing
slot becomes free before this pin’s lifetime begins, that slot is reused (lines 9-
13); otherwise, a new slot is allocated (lines 14-18). To ensure correctness, a
slot is marked as free only after last level + 2 rather than last level + 1. This
additional one-level delay prevents the slot from being reused while the phase
data of the replicated pin are still being read at last level, a situation that can
lead to incorrect results.

Figure 5(a)—(b) illustrates Algorithm 2, with explanation outlined in the cap-
tion. By reusing slots whose phase data are no longer needed, the scheduler min-
imizes the number of slots required in rep while maintaining correctness. More
importantly, this clear lifetime management of replicated-pin phase data enables
an efficient kernel design. In the next section, we show how this design avoids
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Fig. 5. (a)—(b) Example of applying the replicated-pin scheduler to a level list, where
eight replicated pins are added to remove three multi-level dependencies (marked in
red). The scheduler reuses memory slots in rep, allowing the phase data of all eight
replicated pins to be stored using only two slots. Because the last level of replicated
pin a"? is 4, its slot is released at level 6, allowing replicated pin e"“? to reuse slot
0 (Algorithm 2, line 13). (¢)—(h) Levelized execution of the phase propagation kernel
guided by the replicated-pin scheduler.

redundant phase propagation for replicated pins during levelized execution. It is
also worth noting that both Algorithm 1 and Algorithm 2 are performed only
once during initialization before SSTA execution. The reconstructed level list
can then be reused for all subsequent SSTA iterations, making the replication
cost a one-time preprocessing overhead.

3.3 Levelized Phase Propagation Kernel

Building on the replicated-pin scheduler (Algorithm 2), we design a levelized
phase propagation kernel that avoids redundant phase propagation for repli-
cated pins. Algorithm 3 presents the kernel design. In this kernel, the phase
data of each pin are handled by 7" GPU threads, where each thread handles a
subset of phases with a stride size of T. For each pin, the kernel first checks
whether it is a replicated pin. If the pin is replicated and its phase data have
already been written to the rep buffer in its first level, the kernel immediately
skips further computation for that pin (lines 4-6). This early-exit mechanism
ensures that each replicated pin’s phase data are written to rep only once,
thereby avoiding redundant phase propagation across levels. After this check,
the kernel determines the destination buffer for storing the results: original pins
write their phase data to cur, while replicated pins write to their assigned slots
in rep. During phase propagation, the kernel reads input phase data from either
prev or rep, depending on whether a fanin pin is original or replicated. For gate
output pins, the kernel aggregates phase data across all fanins using min and
max operations (lines 11-20). For non-gate pins, which have only a single fanin,
the kernel directly propagates the phase data by adding the corresponding delay
(lines 21-25). Figure 5(c)—(h) visualizes this levelized kernel execution process.
With the replicated-pin scheduler, the kernel knows exactly when to access
each replicated pin’s phase data, eliminating unnecessary accesses. More impor-
tantly, since the kernel executes level by level, the scheduling overhead is bounded
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Algorithm 3: Levelized phase propagation kernel

1 // p: pin (id) handled by this thread; phaseofsset: first phase handled by this
thread (stride = T'); T: number of threads per pin; 7: permutation vector;
Nphases: Phase count; d: edge delay; srcmin/mazs @Stmin/mas: iNput/output
phase data (min/max delays)

2 parallel for each thread tid

3 |p—tid/T;
4 |if p.is_replicated and p.first level < current level
5 // skip replicated pins already written to rep
6 return;
7 | phaseosfser — tid % T;
8 | m + p.gate permutation;
9 |dst < p.is_replicated ? rep : cur;
10 | for phase < phaseoffset t0 Npnases — 1 step T'
11 if p.is_gate_output_pin
12 MiNygl — +00;  MATygl < —O0;
13 foreach fanin pin f € p.fanins
14 src «— faning.is_replicated ? rep : prev;
15 MiNtmp — STCmin|[f][T[phase]] + df,fizi";
16 MATtmp — STCmaz|f][T[phase]] + dfamm;
17 MiNyal — MIN(Minyar, MiNimp);
18 MATyal — Max(MaTyal, MATtmp);
19 dstmin[p][phase] — minya;
20 dstmaz|p][phase] — mazyai;
21 else
22 f < p.fanin;
23 src «— faning.is_replicated ? rep : prev;
24 dstmin|pl[phase] — srcmin|f][phase]+dl®m™;
25 dstmaz|p|[phase] — sremaz|f][phase]+diamm;

by the maximum number of levels rather than the size of the circuit graph, as
in G-STP.

4 Experimental Results

We implemented G-STAR in C++ and CUDA and compiled it using nvce v12.2
with -O2 and -std=c++17 enabled. We performed experiments on a 2.0 GHz
64-bit Linux machine equipped with an Intel Xeon Gold 6138 CPU with 182 GB
RAM, and an Nvidia Tesla V100 GPU of 32 GB global memory. We consider G-
STP [1] as our baseline since it represents the state-of-the-art GPU-accelerated
SSTA algorithm designed for memory-constrained SSTA workload. We compare
the performance of G-STAR and G-STP on ten industrial circuits. These cir-
cuits, generated using the widely-used open-source timer OpenTimer [4], are
configured by default with 1024 phases to accommodate various statistical cor-
ners. Note that 1024 phases is also the configuration used to generate the golden
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reference for result validation. Later, we will evaluate G-STAR’s performance
under different phase counts. Circuit statistics are given in Table 1, where #pins
and #edges only count the pins and edges in the original circuit before adding
replicated pins, and each result is the average of 10 independent runs.

4.1 Overall Performance Comparison

Table 1 compares the overall performance between G-STP and G-STAR. The
value under the meme pyy column shows the total CPU memory required to store
all phases of the entire circuit. Note that mem¢c py includes only the phases of
original pins. The phases of replicated pins are stored in the GPU and managed
by the replicated-pin scheduler, which will be discussed in Section ?7. The value
under the memgggTAR column represents the GPU memory required by G-
STAR to perform correct SSTA, including the memory required to store phases
for original pins (mem,,;4) and additional memory required for replicated pins
(mem,p,). We do not report the required GPU memory for G-STP because its
allocation is dynamic and depends on the available memory at runtime.

In terms of total SSTA runtime, G-STAR consistently outperforms G-STP
across all circuits. For small circuits with 13.1K to 66.8K pins, G-STAR achieves
7.06x-8.30x speedups over G-STP. For medium circuits with 303.7K to 397.8K
pins, the speedups further increase to 8.62x—-9.24x, with the highest value
observed on des_perf. For large circuits with 2.4M to 4.3M pins, the advantages
of G-STAR become even more pronounced. Specifically, G-STAR can success-
fully complete all large circuits, while G-STP fails on many (leon3mp, netcard,
and leon2) due to out-of-memory (OOM) errors. The only large circuit that
G-STP can complete is usb_phy ispd, for which G-STAR is 8.41x faster.

We attribute the performance advantage of G-STAR over G-STP to our effi-
cient levelized phase propagation, which avoids the complex task graph—based
propagation used in G-STP. This levelized approach minimizes CPU-side over-
head during SSTA and supports more efficient data transfers. Further details
will be discussed in Sect. 4.3.

4.2 Performance Under Different Phase Counts

Figure 6 shows the speedup of G-STAR over G-STP under different phase counts
for des perf and vga lcd. We focus on these two circuits because they are the
largest ones that both G-STP and G-STAR can complete within our chosen
range of phase counts. Overall, the speedup of G-STAR over G-STP gradually
decreases as the phase count increases, since larger phase counts result in longer
kernel execution times and reduce the relative contribution of CPU scheduling.
The highest speedup appears at 256 phases, where G-STAR achieves 19.89x on
des_perf and 22.48x on vga_lcd over G-STP. This trend is expected because G-
STP performs kernel execution and memory transfers pin by pin, while G-STAR
operates level by level. As the phase count increases, the pin-by-pin execution
strategy in G-STP becomes relatively more efficient because each pin carries
a larger workload. However, for larger circuits, such as leon3mp, netcard, and
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Table 1. Comparison of overall performance between G-STP [1] and G-STAR on ten
industrial circuits generated by OpenTimer [4] under 1024 phases.

circuit #pins [#edgesmemeopy (GB)mem$ i’ 4 (GB)|total SSTA runtime (ms)
mem,,igmem,., |G-STP |G-STAR
wb_dma 13.1K [16.5K [0.2 0.01 0.02 236.26 |31.62 (7.47x)
tv80 17.0K [23.0K |0.26 0.01 0.04 265.15 37.51 (7.06x)
ac97_ctrl 424K [53.5K |0.65 0.03 0.07 660.09 84.72 (7.79x)
aes__core 66.8K |86.4K |1.02 0.05 0.12 1078.77 129.84 (8.30x)
des perf 303.7K|387.3K |4.63 0.2 0.44 5367.41 |580.50 (9.24%)
vga_led 397.8K|489.9K |6.07 0.5 0.88 6483.45 752.08 (8.62x)
usb phy ispd2.4M [2.9M |37.33 3.08 4.65 41848.44/4973.78 (8.41x)
leon3mp 3.4M |4.1M |51.52 1.23 5.32 OOM  6901.37
netcard 4.0M 4.9M [61.02 2.59 7.2 OOM  7833.23
leon2 4.3M [5.3M 66.04 3.65 7.08 OOM  8499.19

##pins, #edges: total number of pins and edges in the original circuit before adding replicated
pins; meme py: total CPU memory to store all phases of the entire circuit (without replicated
pins); memorig, memyep: required GPU memory in G-STAR to store phases for original and
replicated pins; OOM: GPU out-of-memory error

leon2, G-STP cannot exploit this advantage because its algorithm encounters
GPU OOM failures.

des_perf (303.7K pins) vga_led (397.8K pins)
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Fig. 6. Speedup of G-STAR over G-STP under different phase counts.

4.3 Runtime Breakdown

In this section, we first break down the total SSTA runtime of G-STAR and
G-STP into two parts: CPU scheduling and GPU ezecution. CPU schedul-
ing includes kernel launches, data transfer (memcpy) launches, and task-graph
scheduling (used only in G-STP). GPU execution includes kernel execution
and data transfers, including host-to-device (HtoD) and device-to-host (DtoH)
memcpy. We then examine the GPU execution time in percentage terms.



G-STAR 565

Total SSTA Runtime Breakdown. Figure 7(a)—(b) show the total SSTA run-
time breakdown in terms of CPU scheduling and GPU execution for vga lcd
under 4096 phases. We choose vga lcd for this experiment because it is the
largest one that can support 4096 phases without overflowing the CPU memory
on our machine. In G-STP, GPU execution accounts for 73.54% of the total
runtime, leaving a substantial 26.46% spent on CPU scheduling. In contrast,
G-STAR achieves nearly 100% GPU execution time with only minimal CPU
scheduling overhead. The higher CPU scheduling cost in G-STP comes from its
task-graph execution model, which relies on a job queue to decide which pin to
process next during SSTA execution and launches kernels and memcpy operations
on a per-pin basis. These runtime scheduling decisions and frequent launches
introduce significant CPU overhead. In contrast, G-STAR adopts a level-by-level
replication strategy that enables a simpler and more efficient levelized phase-
propagation model without an expensive runtime scheduler involved. The repli-
cation process (Algorithms 1 and 2) is performed once before SSTA execution
and reused across iterations, incurring little CPU scheduling overhead. Moreover,
the levelized model allows kernels and memcpy operations to be launched on a
per-level basis, largely reducing the number of launches compared to G-STP.

GPU Runtime Breakdown. Figure7(c)—(d) compares the GPU runtime
breakdown of G-STP and G-STAR. A key difference lies in kernel execution
time: in G-STP, kernels take 2003.5 ms (29.99%), whereas in G-STAR they
take only 97.5 ms (3.01%). This reflects the higher kernel efficiency enabled by
G-STAR’s per-level kernel launches, compared to the per-pin launches used in
G-STP. Despite this improvement, GPU runtime in both methods is still dom-
inated by data transfer, accounting for 70.01% of the GPU runtime in G-STP
and 96.99% in G-STAR. These transfers include both HtoD and DtoH memcpy.
HtoD memcpy occurs only during initialization to transfer metadata (e.g., circuit
topology) and input phase data to the GPU. As a result, most of the transfer
time comes from DtoH memcpy, which moves the computed phase results back
to the CPU and accounts for more than 99% of the total transfer time in this
benchmark. However, this HtoD memcpy is necessary because the resulting phase
data must be returned to the CPU for downstream SSTA applications to use,
such as timing-driven optimization [7]. Note that the phase data of replicated
pins do not contribute to this overhead, since they remain in the GPU rep buffer
and are reused across levels without being transferred back to the CPU.
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‘ [] CPU scheduling = GPU execution
G-STP G-STAR G-STP G-STAR

99.71% 10:01%
: (6678.4ms)
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Fig. 7. Runtime breakdown comparison between G-STP and G-STAR for vga lcd
with 4096 cases. (a)—(b) show the total runtime breakdown. (c)—(d) show the GPU
runtime breakdown with the actual runtime values shown below the percentages. Data
transfer includes both HtoD and DtoH memcpy operations.

‘ kernel M data transfer

5 Conclusion

In this paper, we have proposed G-STAR, a GPU-accelerated FB-SSTA engine
designed for memory-constrained FB-SSTA workloads. G-STAR enables efficient
levelized FB-SSTA via level-by-level replication, combined with a replicated-pin
scheduler that reuses GPU memory and an efficient kernel that avoids redun-
dant phase propagation. Compared to a state-of-the-art GPU solution, G-STAR
achieves up to 9.24x speedup on large designs and successfully completes FB-
SSTA on multi-million-pin circuits where the baseline fails due to GPU OOM
errors. This project is supported by NSF grants 2235276, 2349144, 2349143,
2349582, and 2349141. The authors would like to also thank reviewers for their
constructive feedback in improving this paper.

Disclosure of Interests. The authors have no competing interests to declare that
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References

1. Chang, C.C., Huang, T.W.: Statistical timing graph scheduling algorithm for GPU
computation. In: ACM/IEEE Design Automation Conference (DAC) (2025)

2. Chiu, C.H., Morchdi, C., Chang, C.C., Yu, C., Zhou, Y., Huang, T.W.: Optimiz-
ing CUDA graph scheduling with reinforcement learning-a case study in SSTA
propagation. In: 2025 ACM/IEEE 7th Symposium on Machine Learning for CAD
(MLCAD), pp. 1-8. IEEE (2025)

3. Forzan, C., Pandini, D.: Statistical static timing analysis: a survey. Integration
42(3), 409-435 (2009)

4. Huang, T.W., Guo, G., Lin, C.X., Wong, M.D.: Opentimer v2: a new parallel incre-
mental timing analysis engine. IEEE Trans. Comput. Aided Des. Integr. Circuits
Syst. 40(4), 776-789 (2020)

5. Lu, Y.C., Guo, Z., Kunal, K., Liang, R., Ren, H.: Insta: an ultra-fast, differentiable,
statistical static timing analysis engine for industrial physical design applications.



G-STAR 567

In: 2025 62nd ACM/IEEE Design Automation Conference (DAC), pp. 1-7. IEEE
(2025)

. Shen, Y., Hu, J.: GPU acceleration for PCA-based statistical static timing analysis.
In: 33rd IEEE International Conference on Computer Design (ICCD), pp. 674-679.
IEEE (2015)

. Sinha, D., Guerra e Silva, L., Wang, J., Raghunathan, S., Netrabile, D., Shebaita,
A.: Tau 2013 variation aware timing analysis contest. In: Proceedings of the 2013
ACM International Symposium on Physical Design, pp. 171-178 (2013)

. Veetil, V., Sylvester, D., Blaauw, D.: Efficient Monte Carlo based incremental sta-
tistical timing analysis. In: Proceedings of the 45th Annual Design Automation
Conference, pp. 676-681 (2008)

. Visweswariah, C., Ravindran, K., Kalafala, K., Walker, S.G., Narayan, S.: First-
order incremental block-based statistical timing analysis. In: Proceedings of the
41st Annual Design Automation Conference, pp. 331-336 (2004)



	 Preface
	 Organization
	 Contents
	Programming, Compilers, and Performance
	Constraint Driven Global Data Layout Optimization for Tensor Expressions
	1 Introduction
	2 Background
	2.1 Einstein Summation, Contraction Tree and Einsum Tree
	2.2 TTGT and Fused TTGT

	3 Constraining-Tree Layout
	3.1 Intermediate Representation
	3.2 Two-Phase Code Generation And Optimization

	4 Performance Evaluation
	4.1 Binary Tensor Contractions
	4.2 Multiple Tensor Contractions
	4.3 Ablation Study

	5 Conclusion
	References

	Evaluating the Parallelization Capabilities of State-of-the-Art Agentic Large Language Models
	1 Introduction
	2 Related Work
	3 Experiment Design
	3.1 Benchmark Selection
	3.2 Model and Tool Selection
	3.3 Prompting and Parallelization Targets

	4 Methodology
	4.1 LLM Invocation
	4.2 Validation

	5 Evaluation
	5.1 Hardware, Software, and Benchmark Configuration
	5.2 Scoring
	5.3 Results and Analysis

	6 Conclusion
	References

	Velvet: Parallel Divide-and-Conquer in Safe Rust
	1 Introduction
	2 Design and Implementation of Velvet
	3 Performance Evaluation
	3.1 Experimental Setup
	3.2 Benchmark Applications
	3.3 Framework Overhead
	3.4 Parallel Performance

	4 Discussion
	5 Related Work
	6 Conclusion
	References

	Communication Offloading on SmartNIC DPUs: A Quantitative Approach
	1 Introduction
	2 Background
	3 Buddy Design
	4 Experimental Setup
	5 Application Performance
	6 DPU Bottleneck Analysis
	7 Related Works
	8 Conclusion
	References

	MemBridge: Bridging the Static-Dynamic Semantic Gap in Memory Profiling via Variable-Centric Instrumentation
	1 Introduction
	2 Related Work and Motivation
	3 MemBridge
	3.1 Overview
	3.2 Runtime Variable Semantic Reconstruction
	3.3 Hierarchical Expansion of Structured Types
	3.4 Temporal Coupling in Pointer Accesses
	3.5 Performance Optimization Strategies

	4 Evaluation
	4.1 Exerimental Setup
	4.2 Variable-Centric Instrumentation
	4.3 Loop-Aware Sampling
	4.4 Scalability
	4.5 Use Cases

	5 Conclusion
	References

	TBF: A Tunable Blocking-and-Fusion Algorithm for Efficient GPU Symmetric Rank-2K Updates
	1 Introduction
	2 Background
	2.1 GPU and DCU Architecture
	2.2 SYR2K on Hardware Accelerators
	2.3 Related Work

	3 Optimization Design
	3.1 Overall Blocking and Fusion Design
	3.2 Batched Short-Wide Kernel Design
	3.3 Overall Dispatcher and Tuning Design

	4 Performance Evaluation
	4.1 Experimental Setup
	4.2 Ablation Studies
	4.3 Irregular Shape Performance (k > n)
	4.4 Parameter Sensitivity
	4.5 Cross-Platform Performance
	4.6 Discussion

	5 Conclusion
	References

	Abstraction at What Cost? Evaluating Python DSLs for Transformer GPU Kernel Primitives on Nvidia Blackwell
	1 Introduction
	2 Background and Related Work
	3 Evaluation
	3.1 Experimental Setup
	3.2 GEMM
	3.3 Flash Attention
	3.4 Paged Attention
	3.5 Specialized Indirect Tile Extraction

	4 Analysis
	4.1 Roofline Model
	4.2 Occupancy and the ct.gather Bottleneck
	4.3 Cross-Precision Scaling: FP32 vs. BF16
	4.4 Productivity and Implementation Complexity

	5 Discussion
	6 Conclusion
	References

	Closer in the Gap: Towards Portable Performance on RISC-V Vector Processors
	1 Introduction
	2 Background
	3 Methodology
	4 Understanding Basic RVV Instructions
	5 GCC15 and Clang21 Support in Proxy Apps
	6 Qsim Quantum Circuit Simulator
	7 Related Work
	8 Conclusion
	References

	Performance Portable BLAS3 Micro-Kernel Generator
	1 Introduction
	2 Related Work
	3 Methodology
	3.1 Abstraction Methodology
	3.2 Benchmarking Methodology
	3.3 Optimization Methodology

	4 Implementation
	5 Evaluation
	6 Summary and Conclusions
	References

	CoDA: Constraint-Based Distance Adjustment Optimization for Distance-Based ISAs
	1 Introduction
	2 Background
	2.1 Target Architecture
	2.2 Distance Adjustment
	2.3 Existing DA Approaches
	2.4 Limitations of DA Optimization

	3 CoDA: Problem Statement
	4 CoDA Phase I: Move Placement
	5 CoDA Phase II: Distance Alignment
	6 Experiments
	6.1 Evaluation Setup
	6.2 Evaluation Results

	7 Related Work
	8 Conclusion
	References

	Assessing the Performance Impact of Data Layouts: a Benchmarking Approach
	1 Introduction
	2 DSE: Creating the Design-Space
	2.1 Kernels
	2.2 Data Layout Generator

	3 DSE: Exploration Setup
	4 DSE: Results and Analysis
	4.1 Overall Performance
	4.2 Memory Performance
	4.3 Instruction Mix

	5 Discussion
	5.1 Guidelines
	5.2 Generalization and Limitations

	6 Related Work
	7 Conclusion
	References

	Adaptive Data Augmentation with Bayesian Optimization for Basic Block Throughput Prediction
	1 Introduction
	2 Methodology
	2.1 Basic Block Encoding
	2.2 Bayesian Optimization
	2.3 Basic Block Generation

	3 Experiment Setup
	3.1 Dataset
	3.2 Performance Profiling
	3.3 Experimental Configuration

	4 Evaluation
	4.1 Efficiency
	4.2 Portability
	4.3 Case Study
	4.4 Threats to Validity

	5 Related Work
	6 Conclusion
	References

	A Compiler-Assisted Workflow for Efficiency-Guided Selective Tracing
	1 Introduction
	2 Related Work
	3 Toolchain
	3.1 Compilation and Instrumentation
	3.2 Runtime Behavior

	4 Selective Tracing Model
	5 Workflow
	5.1 Selection and Analysis Utilities
	5.2 Workflow Phases

	6 Case Study
	6.1 Call Graph Generation and Static Selection
	6.2 Profiling and Validation
	6.3 Efficiency-Guided Selection and Tracing
	6.4 Tracing

	7 Conclusion
	References

	How Efficient are the Efficient Cores?—An Experimental Evaluation of Energy Efficiency in Asymmetric Multicore Processors
	1 Introduction
	2 Experimental Methodology
	2.1 Evaluated Platforms
	2.2 Workloads
	2.3 Experimental Setup

	3 Results
	3.1 Compute-Bound Workload
	3.2 Bandwidth-Bound Workload
	3.3 Latency-Bound Workload

	4 Discussion
	4.1 Intra-architecture Power and Performance Comparison
	4.2 Cross-Architectural Power and Performance Comparison

	5 Workload-to-Core Mapping Guidelines
	6 Related Work
	7 Conclusion
	References

	Architectures and Accelerators
	Characterizing Needleman-Wunsch Sequence Alignment on the Graphcore IPU: Memory Trade-Offs and Optimization Strategies
	1 Introduction
	2 Background
	2.1 IPU Architecture
	2.2 Needleman-Wunsch Algorithm

	3 Related Work
	4 Methodology
	4.1 Mapping NW to the IPU
	4.2 Vertex Data Reduction
	4.3 Frame Size Optimization
	4.4 Dynamic Workload Distribution
	4.5 Three-Phase Implementation
	4.6 Remote Buffer Strategies

	5 Results
	5.1 Experimental Setup
	5.2 Single-Tile Baseline
	5.3 Frame Size Trade-Offs
	5.4 Remote Buffer Implementations
	5.5 Optimal Diagonal Performance
	5.6 GPU Baseline and Comparison

	6 Discussion
	7 Conclusion
	References

	Backend Code Generation for Graph DSLs Targeting Diverse Accelerator Platforms
	1 Introduction
	2 StarPlat Language Design
	3 Code Generation for Multiple Accelerators
	4 Backend Optimizations
	5 Experimental Evaluation
	5.1 Comparison Across Frameworks
	5.2 Comparison Across Accelerators

	6 Related Work
	7 Conclusion
	References

	SMEAtten: Fast and Memory-Efficient Outer Product-Based Attention on ARMv9 CPUs with SME
	1 Intoduction
	2 Background Motivation
	2.1 ARMv9 Architecture
	2.2 Outer Product-Based Attention
	2.3 Motivation and Related Work

	3 Design
	3.1 Throughput-Driven Kernelization
	3.2 SME-Adapted Data Layout and Access Scheme
	3.3 Inter-Task Parallelism Exploitation
	3.4 Portable Implementation

	4 Evaluation
	4.1 Experiment Setups
	4.2 Performance Improvement
	4.3 Performance Breakdown
	4.4 Cache and Memory Utilization
	4.5 Scalability and Portability Analysis
	4.6 PyTorch Integration Case Studies

	5 Conclusion
	References

	RWIP: Region-Level Write-Intensity Prediction for GPU L2 Cache Based on Hybrid-Retention STT-MRAM
	1 Introduction
	2 Background
	2.1 STT-MRAM
	2.2 Related Work

	3 Motivation
	3.1 GPGPU Application Write Characterization
	3.2 Region-Level Write-Intensity Characteristics
	3.3 Threshold Sensitivity

	4 RWIP
	4.1 Overview
	4.2 Controller
	4.3 Partitioned Cache
	4.4 Region Predictor Table

	5 Experiment and Evaluation
	5.1 Experimental Environment and Configuration
	5.2 Performance
	5.3 Sensitivity Analysis
	5.4 Hardware Cost

	6 Conclusion
	References

	HGNNMap: Heterogeneous Graph Neural Network-Based Mapping for Spatial Accelerators
	1 Introduction
	2 Background
	2.1 Heterogeneous Graph
	2.2 Heterogeneous Graph Neural Network

	3 Motivation and Analysis
	3.1 Limitations of Dual-GNN Encoders
	3.2 Experimental Analysis of Dual-GNN Encoders
	3.3 Motivation for Introducing HGNN

	4 Methodology
	4.1 Graph Embedding Generation
	4.2 RL Framework

	5 Evaluation
	5.1 Experimental Setup
	5.2 Performance on Dataset
	5.3 Performance on Real-World Kernels
	5.4 Learned Representation on Mappability Prediction Problem
	5.5 Overheads

	6 Conclusion
	References

	Characterizing GPU Warm-Up Beyond Data Transfers
	1 Introduction
	2 Related Work
	3 Experimental Methodology
	3.1 Reference Code Structures
	3.2 Reference Measurements

	4 Contribution 1: The Warm-Up as a Floating Overhead
	4.1 Experimental Variants
	4.2 Same Overhead, Different Operation: Pseudo-code 1
	4.3 Cumulated vs. Distributed Overhead: Pseudo-code 2
	4.4 Warm-Up Floating to cudaFree
	4.5 Discussion

	5 Contribution 2: Warm-Up Without Data Transfers
	5.1 NoMemcpy Variants
	5.2 Pseudo-code 1: Warm-Up on cudaFree and EventSync
	5.3 Pseudo-code 2: Catastrophic Drain on cudaFree
	5.4 Discussion

	6 Contribution 3: Phantom Inflation from CPU Activity
	6.1 Experimental Design
	6.2 Profiling Results
	6.3 Gap Between Computation and Sleep
	6.4 Ruling Out Common Hypotheses
	6.5 Implications

	7 Conclusion
	References

	Repurposing the Cross-Segment Space on Sunway SW26010Pro for MC-Balanced Bigshare Execution
	1 Introduction
	2 Background
	2.1 SW26010Pro Processor
	2.2 Process Address Space
	2.3 Related Work

	3 Microarchitectural Effects of Cross-Segment Execution
	3.1 Experimental Methodology
	3.2 Latency
	3.3 Bandwidth

	4 Implementation
	4.1 Design
	4.2 Implementation of Swcrun

	5 Evaluation
	5.1 SwRodinia
	5.2 SWBWA
	5.3 Multi-node Communication

	6 Conclusion
	References

	Taking the Leap: Efficient and Reliable Fine-Grained NUMA Migration in User-Space
	1 Introduction
	1.1 User-Space Remapping: page_leap()

	2 Understanding the Problem
	2.1 Experimental Environment and Setup
	2.2 Local Accesses vs Remote Accesses
	2.3 Page Migration Using move_pages()

	3 page_leap() Architecture
	3.1 Correctly Handling Concurrent Writes
	3.2 Adaptive Area Size

	4 Migration Without Concurrent Writes
	5 Migration Under Concurrent Writes
	6 Handling Database Workloads
	7 Related Work
	8 Conclusion
	References

	NeuroRing: Scaling Spiking Neural Networks via Multi-FPGA Bidirectional Ring Topologies and Stream-Dataflow Architectures
	1 Introduction
	2 Spiking Neural Networks
	3 Related Work
	4 The NeuroRing Architecture
	4.1 Stream-Dataflow Processing Core
	4.2 Bidirectional Ring Topology
	4.3 Hardware Generalization

	5 Experimental Setup
	5.1 Case Studies

	6 Results and Discussion
	6.1 Hardware Utilization
	6.2 Correctness
	6.3 Architectural Design Space Exploration
	6.4 System Scalability
	6.5 State-of-the-Art Comparison
	6.6 Beyond Neuroscience: Constraint Satisfaction Problem

	7 Conclusion
	References

	CASTM: An API for Accelerating Zero-Knowledge Proof Kernels on CGRA Architectures
	1 Introduction
	2 Background and Related Work
	2.1 OpenEdgeCGRA Architecture
	2.2 CGRA Programming: Limitations for ZKP Workloads
	2.3 Poseidon2 S-Box Exponentiation
	2.4 Related Work

	3 The CASTM API
	3.1 API Design
	3.2 Compilation Pipeline
	3.3 S-Box Kernel Walkthrough

	4 Experimental Results
	4.1 S-Box Kernel Comparison
	4.2 S-Box Configuration Register Pressure
	4.3 Poseidon2: RTL Validation
	4.4 Lessons Learned

	5 Conclusions
	References

	SISA: A Scale-In Systolic Array for GEMM Acceleration
	1 Introduction
	2 Related Work
	3 Scale-In Systolic Array
	3.1 Architecture
	3.2 Tiling and Scheduling

	4 Evaluation
	4.1 Experimental Setup
	4.2 Designing a 128 128 PE 8-Slab SISA
	4.3 SISA Evaluation
	4.4 SISA Versus Alternative Reconfigurable SA

	5 Conclusion
	References

	Realizable N:M Sparse Transformer Inference via Search–Kernel Co-design
	1 Introduction
	2 Background and Motivation
	2.1 Vision Transformers and Layer-Wise N:M Configuration
	2.2 The Lack of Efficient Sparse Execution Mechanisms
	2.3 The Need for Latency-Grounded Layer-Wise Configuration

	3 Problem Formulation and Method Overview
	4 MD-SpMM: Dataflow-Centric N:M Sparse Kernels
	4.1 Design Methodology
	4.2 Micro-Dense: From N:M Sparsity to Tensor Core Dataflow
	4.3 Adaptive Parallelism: Split-K for Inference-Scale SpMM

	5 Latency-Grounded Layer-Wise Sparsity Search
	5.1 Lookup Table-Based Latency Modeling
	5.2 Hardware-Aware Layer-Wise Sparsity Search

	6 Experiments
	6.1 MD-SpMM Kernel Evaluation
	6.2 Feasible-Region-Aware Search Validation
	6.3 Overall Evaluation

	7 Conclusion
	References

	Performance Analysis of Hardware-Accelerated Compressed Memory Swap
	1 Introduction
	2 Background
	3 Experimental Methodology
	4 Performance Analysis of Swap Backends
	4.1 Single-Core Performance Analysis
	4.2 Sensitivity to the Core Count
	4.3 Sensitivity to NUMA
	4.4 Sensitivity to the Dataset

	5 In-Depth Performance Analysis of CMS-H
	5.1 Pre-I/O Phase
	5.2 I/O Phase
	5.3 Post-I/O Phase

	6 Performance Optimizations
	6.1 Parallel Page Compression and Decompression
	6.2 Zero-Copy Page Decompression
	6.3 Eager Zspage Allocation

	7 Related Work
	8 Conclusions
	References

	When Faster Kernels Do Not Mean Faster Applications in Exascale GPU Systems
	1 Introduction
	2 Background
	2.1 GPU Power Management
	2.2 Related Work

	3 Methodology
	3.1 Applications
	3.2 Testbed System
	3.3 Evaluated Metrics

	4 Evaluation
	4.1 Performance–Energy Trade-Off
	4.2 Intra-kernel Analysis
	4.3 Discussion

	5 Conclusion
	References

	Optimizing SpMV Kernel for Banded Matrices on FPGAs Using High-Level Synthesis
	1 Introduction
	2 Context
	3 Related Work
	4 Proposal
	4.1 Representation Format
	4.2 Implemented Kernel
	4.3 Kernel Optimizations and Dataflow

	5 Experimental Evaluation
	5.1 Evaluated Datasets
	5.2 Measurement Setup
	5.3 Results for Densely Banded Matrices
	5.4 Results for Sparse-Banded Matrices
	5.5 Comparison Against Multicore CPU

	6 Conclusions
	References

	OmniZK: A Versatile Accelerator Architecture for Zero-Knowledge Proofs
	1 Introduction
	2 Background
	2.1 ZKP Proof Generation Process
	2.2 Computation Kernels in ZKP

	3 OmniZK Architecture
	3.1 Architecture Overview
	3.2 Unified Processing Element (UPE) Arrays
	3.3 Flexible Bit-Width Support

	4 Kernel Mapping
	4.1 Polynomial Operations
	4.2 Multi-scalar Multiplication
	4.3 Merkle Tree Construction

	5 Evaluation
	5.1 Experimental Setup
	5.2 Overall Performance
	5.3 Breakdown Analysis
	5.4 Scalability

	6 Related Work
	7 Conclusion
	References

	Domain-Specific and Applied Parallel and Distributed Computing
	Hierarchical Recursive Precision for Accelerating Symmetric Linear Solves on MXUs
	1 Introduction
	2 Related Work
	2.1 Recursive Decomposition
	2.2 Mixed-Precision Linear Algebra

	3 Methods
	3.1 Julia Language Abstractions
	3.2 Nested Recursive Algorithm Design
	3.3 Hierarchical Mixed Precision on the Recursion Structure
	3.4 Layered Quantization and Dequantization Strategy

	4 Results
	4.1 Hardware and Software Specifications
	4.2 Results Analysis on NVIDIA H200
	4.3 Results Analysis on AMD MI300X
	4.4 Effect of Recursive Depth and Matrix Scale
	4.5 Results on Real-World Matrices and Limitations
	4.6 Portability and Impact of Hardware

	5 Conclusion and Future Work
	References

	Thunder: Efficient Multi-node FHE Acceleration Framework via In-Transit Computation
	1 Introduction
	2 Background and Motivation
	3 Design Overview
	4 Streaming BConv Algorithm
	5 Microarchitecture of Streaming BConv Unit in Fabric
	5.1 Modular Reduction Optimization
	5.2 Scheduling and Synchronization

	6 Instruction Set Architecture and Software Support
	7 Implementation and Evaluation
	7.1 Ablation Experiments
	7.2 Scalability and Security Analysis

	8 Related Work
	9 Conclusion
	References

	TAIN: Scalable Tensor-Aware Acceleration for Quantum Chemistry on Heterogeneous Architectures
	1 Introduction
	2 Background and Challenges
	2.1 Tensor Contractions in Quantum Chemistry
	2.2 Mismatch Between Quantum Chemistry and Heterogeneous Architectures

	3 Related Work
	4 TAIN Design
	4.1 Indices-Aware Tensor Compression Algorithm
	4.2 NN-Based Heterogeneous Scheduling Strategy
	4.3 Pipeline Optimizations
	4.4 Hierarchical Task Partitioning Strategy

	5 Evaluation
	5.1 Evaluation Setup
	5.2 Accuracy Verification of TAIN
	5.3 Ablation Study
	5.4 Large-Scale Evaluation

	6 Conclusion
	References

	Performance Evaluation of a CPU-GPU Coprocessing-Based Simulation Software on Converged Computing Architectures
	1 Introduction
	2 Related Works
	3 Methodology for the Benchmark
	3.1 Applicative Context: the Aevol Model
	3.2 Experimental Setup

	4 Results
	4.1 Scaling with Problem Size
	4.2 Compute Performance
	4.3 Managed Memory System Performance
	4.4 Memory Transfers Performance

	5 Conclusion
	References

	AtSpMV: Model-Guided Adaptive Tiling and Load Balancing for SpMV on GPUs
	1 Introduction
	2 Background and Related Work
	2.1 SpMV and Storage Formats
	2.2 Load Balancing Strategies in SpMV
	2.3 AI-Automated SpMV Frameworks

	3 Design of AtSpMV
	3.1 Storage Format
	3.2 Performance Modeling Mechanism
	3.3 GPU-Accelerated Load-Balanced Matrix Preprocessing

	4 Evaluation
	4.1 Experiment Setup
	4.2 Performance Comparison
	4.3 Preprocessing Overhead Comparison
	4.4 Integrated Performance Evaluation
	4.5 Performance Analysis

	5 Conclusion
	References

	X-BQSR: Holistic Acceleration of Base Quality Recalibration for Scalable Genomic Analysis
	1 Introduction
	2 Design
	2.1 GPU Kernel Design
	2.2 Pipeline Optimizations

	3 Evaluation
	3.1 Comparison with State-of-the-Art
	3.2 Multi-GPU and CPU Scalability
	3.3 Kernel Performance and Cross-Architecture Portability
	3.4 FPGA Comparison

	4 Conclusion
	References

	Hierarchical Parallel Computing for Optimal Qubit Mapping in NISQ Systems
	1 Introduction
	2 Problem Statement and Related Works
	3 Parallel Branch-and-Bound Algorithm
	3.1 Branch-and-Bound for Qubit Mapping
	3.2 Bounding Operator
	3.3 Guiding Heuristics
	3.4 Parallel Design

	4 Experimental Results
	4.1 Experimental Protocol and Setup
	4.2 Scalability and Performance Evaluation

	5 Conclusions
	References

	G-STAR: GPU-Accelerated Statistical Static Timing Analysis Using Level-by-Level Replication
	1 Introduction
	2 Background
	2.1 Problem Formulation
	2.2 Limitations of State-of-the-Art Methods

	3 G-STAR
	3.1 Level-by-Level Replication Algorithm
	3.2 Replicated-Pin Scheduler
	3.3 Levelized Phase Propagation Kernel

	4 Experimental Results
	4.1 Overall Performance Comparison
	4.2 Performance Under Different Phase Counts
	4.3 Runtime Breakdown

	5 Conclusion
	References

	A Task Parallel Algorithm For Fast Hybridized PDE Solvers
	1 Introduction
	1.1 Contributions
	1.2 Related Work

	2 Parallel Hybridized PDE Solver
	2.1 Hybridized Scheme
	2.2 Problem Configuration
	2.3 Task-Parallel Algorithm

	3 Performance Model
	3.1 Deriving the Number of Nonzero Elements
	3.2 Deriving the Execution Time Model
	3.3 Model Analysis

	4 Experimental Results
	4.1 Experimental Setup
	4.2 Impact of Task-Based Parallelism
	4.3 Performance Model Accuracy
	4.4 Performance Model Parameters
	4.5 Comparison Against Prior Hybridized Solvers
	4.6 Performance Against Other Sparse Solvers

	5 Summary
	References

	GWBP: Accelerating Weighted Back-Projection for Image Reconstruction via Efficient GPU Parallel Optimization
	1 Introduction
	2 Background and Related Work
	2.1 Weighted Back-Projection with 3D-CTF
	2.2 Related Work

	3 Motivation
	4 Method
	4.1 Overview
	4.2 GWBP-S: GPU Kernelization with Persistent Residency
	4.3 GWBP-B: Task Batching and Resource Reuse
	4.4 GWBP-O: Efficient Stream-Based Scheduling

	5 Evaluation
	5.1 Experimental Setup
	5.2 Results

	6 Conclusion
	References

	JAX vs Kokkos Performance Comparison: A Magnetohydrodynamic Solver Case Study
	1 Introduction
	2 Programming in JAX
	3 Numerical Model and Reference HPC Baseline
	3.1 Governing Equations and Discretization
	3.2 Ark-2-Mhd: Production-Grade Reference Solver
	3.3 Limitation
	3.4 Key Performance Indicator

	4 Results
	4.1 Code Optimisations
	4.2 JAX HPC Code Performance
	4.3 JAX Compilation Time Cost

	5 JAX vs Kokkos Performance
	5.1 Compute Performance
	5.2 Memory Usage Performance

	6 Conclusion
	References

	A Novel Parallel Strategy for Monte Carlo Simulations in Heterogeneous Distributed Systems
	1 Introduction
	2 Parallel Monte Carlo Simulations
	2.1 Parallel Monte Carlo Thermions

	3 MCM-1PTask: A Novel Parallel Strategy for MCM
	3.1 The EasyGrid AMS Middleware
	3.2 Defining the Tasks
	3.3 Reduction Operation

	4 On-Premises Experimental Evaluation
	4.1 Parallel Scenario Description
	4.2 Results

	5 Experimental Evaluation in the Cloud
	6 Conclusion and Future Directions
	References

	Sparsh: Breaking the Communication Bottleneck in Sequence Parallel Video Diffusion Inference with Predictive Sparse Communication
	1 Introduction
	2 Background
	2.1 Diffusion Transformers
	2.2 Sequence Parallelism
	2.3 The Communication Bottleneck Analysis

	3 Motivation: Empirical Analysis of Key-Value Evolution
	3.1 Temporal Coherence in Denoising Trajectories
	3.2 Motivating the Hermite Basis

	4 Design
	4.1 Hermite-Based Predictive KV Estimation
	4.2 Adaptive Hybrid Scheduling Policy

	5 Evaluation
	5.1 Experimental Setup
	5.2 Overall Performance
	5.3 Asynchronous Control Evaluation
	5.4 Memory Overhead and Hardware Implications

	6 Related Work
	7 Conclusion
	References

	Privacy-Preserving Data Center Demand Response Using Multi-party Computation
	1 Introduction
	2 Related Work
	3 Preliminaries
	3.1 Collaborative Data Center Demand Response
	3.2 Multi-party Computation (MPC)

	4 MPC-Based Collaborative DCDR
	4.1 Secure Arithmetic Representation
	4.2 Replacing Secure Division with Multiplication

	5 Experimental Evaluation
	5.1 Case Studies
	5.2 Scalability Analysis

	6 Conclusion
	References

	Accelerating Multi-agent Reinforcement Learning on Heterogeneous Platforms
	1 Introduction
	2 Background
	2.1 Multi-agent Reinforcement Learning
	2.2 Standard Training Protocol
	2.3 Taxonomy of MARL Algorithms

	3 Related Work and Challenges
	3.1 Related Work
	3.2 Challenges

	4 Hardware-Agnostic MARL Training Protocol
	5 Runtime Load Balancer
	6 Experiments
	6.1 Experimental Setup
	6.2 Hardware-Agnostic MARL Training Protocol Scalability
	6.3 Runtime Load Balancer Evaluation
	6.4 Overall Performance

	7 Conclusion
	References

	Author Index

