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Abstract
Zero-knowledge proofs (ZKPs) are emerging as a core technology
for privacy-preserving computation. Despite steady progress in
protocol and algorithm design, generating these proofs remains
computationally intensive, driving growing interest in hardware
acceleration for kernels such as number-theoretic transform (NTT)
and multi-scalar multiplication (MSM). Among them, the sumcheck
protocol offers a compelling alternative with 𝑂 (𝑛) prover com-
plexity compared to 𝑂 (𝑛 log𝑛) for NTT-based approaches, yet our
analysis reveals its execution is fundamentally memory-bound,
with severely underutilized compute resources. This characteristic
demands a memory-centric acceleration strategy, in contrast to
compute-centric approaches of prior work.

To this end, we propose SumcheckPIM, anHBM-based processing-
in-memory architecture optimized for the sumcheck protocol. Sum-
checkPIM introduces 256-bit modular arithmetic units at the bank
level to support real-world field sizes, a Fiat-Shamir unit on the
logic die for global accumulation and challenge generation, and an
inter-bank processing engine enabling protocol completion without
host interaction. We also propose a DRAM-aware folding scheme
that maximizes row buffer locality through row packing and bank
ping-ponging. Our design achieves this while maintaining JEDEC
compliance with minimal modifications to existing commercial
HBM-PIM architectures. We demonstrate that SumcheckPIM deliv-
ers both high performance and efficiency, achieving 5.3×–13.3× and
334.2×–361.1× speedup over GPU and CPU baselines, respectively.
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1 Introduction
Zero-knowledge proofs (ZKPs) [36] enable a prover P to convince
a verifier V that a statement is true without revealing anything
beyond its validity. ZKPs provide two key capabilities: (i) privacy,
by proving claims about sensitive data without disclosing it, and
(ii) verifiability, by enabling others to check correctness much more
efficiently than re-executing the underlying computation.

ZKPs can be built as interactive protocols that require multiple
rounds of communication betweenP andV , or non-interactive pro-
tocols where P generates a proof that can be verified offline. Non-
interactive ZKPs, particularly zk-SNARKs (Zero-Knowledge Suc-
cinct Non-interactive Argument of Knowledge), have been widely
deployed due to their succinct proof size and efficient verification.
In this work, we focus on zk-SNARK-style systems, for which proof
generation is typically the dominant cost.

In a zk-SNARK system (depicted in Figure 1), P takes a public
statement and a private witness as input, runs a proving algorithm
to generate a succinct proof, and sends it toV .V then checks the
proof with the public statement and accepts or rejects it accordingly.

While early practical deployments of zk-SNARKs were adopted
primarily in blockchain systems [11, 63, 115], emerging applica-
tions are pushing them into new domains with substantially greater
computational demands. Notable examples include zero-knowledge
machine learning (ZKML), which addresses trust and privacy con-
cerns in datacenter-outsourced ML by enabling proofs that training
or inference was performed correctly without revealing model
parameters, training data, or client inputs [18, 32, 80, 117]; and
zero-knowledge virtual machines (ZKVMs), which extend verifi-
able computing to arbitrary general-purpose RAM programs while
hiding private inputs and computation details [7, 56, 128].

Modern ZK proving systems differ substantially in their domi-
nant computational kernels. For example, pairing-based zk-SNARKs
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Fig.1 High-level diagram of non-interactive zero-knowledge proof.
Figure 1: High-level diagram of a non-interactive ZKP

such as Groth16 [37] rely heavily on number-theoretic transforms
(NTTs) and multi-scalar multiplication (MSM), and are attractive
for their succinct proofs and fast verification. In contrast, a grow-
ing class of zk-SNARKs built around the sumcheck protocol [83]
offers improved asymptotic prover complexity in many settings.
In particular, while NTT-based approaches typically incur quasi-
linear prover work, sumcheck-based constructions enable linear
prover work, and often with favorable constant factors in prac-
tice, yielding a fundamental asymptotic improvement. Accord-
ingly, several modern systems adopt sumcheck as a central compo-
nent [13, 17, 20, 107, 108, 111, 116, 126]. Across these systems, proof
generation is typically the dominant bottleneck, driving significant
interest in hardware acceleration.

In particular, in sumcheck-based systems, the sumcheck phase
often dominates prover time. Our analysis in Section 4.1 shows that
sumcheck accounts for up to 76% of prover runtime and reveals that
execution is fundamentally memory-bound, exhibiting high mem-
ory bandwidth utilization but with underutilized compute resources.
This characteristic is inherent to the memory-intensive nature of
the sumcheck protocol. This memory-centric bottleneck stands in
contrast to NTT and MSM kernels. Consequently, compute-centric
strategies are fundamentally mismatched to sumcheck’s computa-
tional profile.

Prior work in ZKP hardware acceleration has largely targeted
NTT and MSM, employing compute-centric architectures such
as GPUs, FPGAs, and custom ASICs to accelerate these compute-
bound operations [24, 48, 84, 129, 130]. Recent hardware acceler-
ation works on sumcheck-based protocols achieved notable im-
provements, but continue to rely on compute-centric designs that
do not directly address sumcheck’s memory-bound nature [23,
81, 103]. Meanwhile, processing-in-memory (PIM) architectures
have demonstrated significant benefits for memory-bound work-
loads in domains such as machine learning and graph process-
ing [8, 39, 54, 55, 96, 122]. However, their application to ZKP work-
loads remains unexplored as traditional ZKP protocols based on
NTT andMSM are compute-bound. Nevertheless, PIM architectures
can be a promising approach for accelerating sumcheck-based ZKP
workloads since sumcheck protocols are inherently memory-bound.

In this paper, we propose SumcheckPIM, a PIM architecture
optimized for the non-interactive sumcheck protocol. Sumcheck-
PIM enables in-memory processing of sumcheck operations by
leveraging near-bank processing engines on DRAM dies and pro-
cessing units implemented on the logic die of a high-bandwidth
memory (HBM) stack. We design a PIM-friendly execution flow

of the non-interactive sumcheck protocol that is tailored to the
proposed PIM architecture. Furthermore, we present an efficient
control scheme that can reduce the DRAM command overhead
significantly by exploiting the inherent bank-level data exchange
mechanism. We implement the proposed SumcheckPIM architec-
ture on a cycle-accurate DRAM simulator. We estimate the energy
and cost overhead by synthesizing the RTL models of processing
units. Our evaluation results exhibit that SumcheckPIM is an effi-
cient acceleration architecture for the sumcheck protocol, achieving
5.3×–13.3× and 334.2×–361.1× speedup over GPU and CPU base-
lines, respectively. To the best of our knowledge, SumcheckPIM is
the first study on accelerating the sumcheck protocol using a PIM
architecture.

Our key contributions are as follows:
• We propose SumcheckPIM, the first HBM-based PIM archi-
tecture that accelerates the sumcheck protocol, motivated by
profiling results revealing that sumcheck is fundamentally
memory-bound with underutilized compute resources.
• We present near-bank processing engines with scalar 256-bit
modular arithmetic (Barrett modular multiplier/adder) to
natively support practical field sizes while matching HBM’s
32-byte burst data access granularity.
• To handle inter-bank accumulation and Fiat-Shamir chal-
lenge generation, we design a Fiat-Shamir unit on the logic
die, and further add an inter-bank processing engine to enable
inter-bank folding without host mediation.
• We propose a DRAM-aware folding scheme that improves
row-buffer locality via row packing and bank ping-ponging,
reducing row activations and accelerating end-to-end sum-
check execution.
• Weevaluate SumcheckPIMwith a cycle-accurate DRAMSim3-
based simulator and synthesize SystemVerilog-based RTL,
demonstrating substantial speedup and energy savings over
CPU/GPU baselines with modest logic-die area overhead.

2 Background
2.1 Zero-knowledge proof
Zero-knowledge proof (ZKP) allows a prover (P) to convince a
verifier (V) that a given statement is true without revealing any
information beyond the validity of the statement [36]. ZKPs can
be expressed as P proving the computation of C(𝑥,𝑤) = 0, where
C encodes the computation to be proved (e.g., a circuit), 𝑥 is the
public input held by both parties (i.e., instance) and𝑤 is the private
input held by P (i.e., witness). A valid proof convincesV that P
knows such a𝑤 while revealing nothing beyond this fact.

ZKP protocols are commonly classified by interactivity. Inter-
active protocols proceed over multiple communication rounds be-
tween P andV , and are therefore round-bound, often with lower
per-party computation [118]. In contrast, non-interactive ZKPs
(NIZKs) eliminate interaction: P produces a single proof thatV can
verify offline [14]. Among NIZKs, zk-SNARKs further offer succinct
proofs and low verification overhead, thus zk-SNARKs are the most
widely deployed and mature in practice [11, 63, 115].

In zk-SNARK systems, proof generation is a dominant perfor-
mance hurdle. The classical proof generation involves three compu-
tation steps: arithmetization, a polynomial interactive oracle proof
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(PIOP), and a polynomial commitment scheme (PCS). Arithmetiza-
tion maps the target computation into a constraint system over a
finite field. PIOP then reduces the satisfiability of these constraints
to the verification of a set of polynomial identities driven byV’s
uniform challenges, which can be made non-interactive via the
Fiat-Shamir transformation [33]. Finally, PCS enables P to commit
to the relevant polynomials and later opens them at specific points
to allowV to check the required relations succinctly.

Arithmetization transforms arbitrary computations into alge-
braic relations suitable for ZKP, known as a constraint system. The
constraint system is a collection of polynomial equations over a
finite field that P aims to satisfy. One of the widely used constraint
systems is a rank-1 constraint system (R1CS), where a list of vector
triples ®𝑎, ®𝑏, ®𝑐 represents the equation system to be satisfied [12].
R1CS satisfiability is given as finding the assignment vector ®𝑧 that
satisfies ⟨®𝑎𝑖 , ®𝑧⟩ · ⟨®𝑏𝑖 , ®𝑧⟩ − ⟨®𝑐𝑖 , ®𝑧⟩ = 0. The constraint size is defined as
the total number of constraints in the system. Supporting a larger
constraint size enables proving more complex computations.

2.2 Sumcheck protocol
The sumcheck protocol [83] is an interactive proof protocol whose
prover runs in 𝑂 (𝑛) complexity, offering a fundamental asymp-
totic improvement over the 𝑂 (𝑛 log𝑛) prover complexity of NTT-
based ZKP protocols. Although the original sumcheck is an in-
teractive protocol, it can be represented in a hardware-friendly
non-interactive manner. The sumcheck protocol is employed in
modern ZKP protocols due to its lower complexity and flexibil-
ity [13, 17, 20, 107, 108, 111, 116, 126].

In the sumcheck protocol, P aims to prove toV that a multilin-
ear polynomial, a multivariate polynomial with degree at most one
in each variable, sums to a claimed value 𝐾 over the Boolean hyper-
cube. More concretely, given amultilinear polynomial 𝑝 (𝑥1, . . . , 𝑥𝑛),
P aims to prove: ∑︁

𝑏1,...,𝑏𝑛∈{0,1}
𝑝 (𝑏1, . . . , 𝑏𝑛) = 𝐾 (1)

In each round 𝑖 , P defines a univariate polynomial 𝑔𝑖 (𝑋 ) repre-
senting the partial sum over the remaining variables after fixing
the first 𝑖 − 1 variables:

𝑔𝑖 (𝑋 ) =
∑︁

𝑏𝑖+1,...,𝑏𝑛∈{0,1}
𝑝 (𝑟1, . . . , 𝑟𝑖−1, 𝑋, 𝑏𝑖+1, . . . , 𝑏𝑛) (2)

where 𝑟1, . . . , 𝑟𝑖−1 are random challenges sent byV .
OnceV receives univariate polynomial𝑔𝑖 (𝑋 ),V checkswhether

the following conditions hold, for the first round and the 𝑖-th round,
respectively:

𝑔1 (0) + 𝑔1 (1) = 𝐾 (3)
𝑔𝑖 (0) + 𝑔𝑖 (1) = 𝑔𝑖−1 (𝑟𝑖−1) (4)

After 𝑛 rounds, once all variables are bound,V checks the final
equality:

𝑔𝑛 (𝑟𝑛) = 𝑝 (𝑟1, . . . , 𝑟𝑛) (5)
By default, the sumcheck protocol is executed interactively,

requiring back-and-forth communication between P and V per
round. Non-interactive instantiation of the sumcheck protocol can
be constructed through the Fiat-Shamir transformation. With the
Fiat-Shamir transformation, each challenge 𝑟𝑖 is generated locally

Algorithm 1 Non-interactive sumcheck protocol
Input: Multi-linear polynomial 𝑝 (𝑥1, . . . , 𝑥𝑛) with evaluation table

𝑇 [0 : 2𝑛 − 1] where 𝑇 [b] = 𝑝 (𝑏1, . . . , 𝑏𝑛) for bit-vector b.
Cryptographic hash function 𝐻 (·).

Output: Proof 𝜋 = {(𝑔 (1)0 , 𝑔
(1)
1 ), . . . , (𝑔

(𝑛)
0 , 𝑔

(𝑛)
1 )} and challenges

𝑟1, . . . , 𝑟𝑛 .
1: 𝜋 ← ∅
2: for round← 1 to 𝑛 do
3: 𝑔0 ← 0
4: 𝑔1 ← 0
5: halfSize← 2𝑛−round
6: for idx← 0 to halfSize − 1 do ⊲ accumulation
7: 𝑔0 ← 𝑔0 +𝑇 [idx]
8: 𝑔1 ← 𝑔1 +𝑇 [idx + halfSize]
9: end for
10: 𝜋 ← 𝜋 ∪ {(𝑔0, 𝑔1)}
11: 𝑟round ← 𝐻 (𝜋) ⊲ Fiat-Shamir challenge
12: for idx← 0 to halfSize − 1 do ⊲ fold table
13: 𝑇 [idx] ← (1−𝑟round) ·𝑇 [idx] +𝑟round ·𝑇 [idx+halfSize]

14: end for
15: end for
16: return 𝜋, (𝑟1, . . . , 𝑟𝑛)
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by P based on Equation 6, where 𝐻 (·) is a cryptographic hash
function. Since 𝐻 is deterministic,V can recompute random chal-
lenges and verify consistency, eliminating interactive communica-
tion. Non-interactivity has multiple desirable properties, such as
allowing multiple parties to verify without having participated in
the proof procedure and proof reusability [38, 105]. It is of particu-
lar interest from the hardware perspective because eliminating the
communication latency bottleneck enables hardware-centric opti-
mization that significantly speeds up end-to-end ZKP generation.

𝑟 𝑗 = 𝐻 (proof transcript up to round 𝑗) (6)
Algorithm 1 presents the linear-time, linear-space sumcheck

algorithm [19, 83], which achieves optimal prover complexity. The
algorithm operates on an evaluation table 𝑇 with size equal to the
constraint size 2𝑛 . Each round performs accumulation, random
challenge generation, and folding. Folding halves the evaluation
table size, where each pair of elements is combined to produce a
single element and updates the evaluation table.

2.3 High Bandwidth Memory
High Bandwidth Memory (HBM) is a 3D-stacked DRAM architec-
ture designed to overcome the bandwidth and energy limitations of
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Figure 3: HBM-based PIM architecture

conventional off-chipmemory systems. By leveraging a die stacking
technology, HBM achieves substantially higher memory bandwidth
and improved energy efficiency compared to traditional DRAM
interfaces [15, 16, 51, 67–70, 85, 94, 98].

As shown in the leftmost illustration of Figure 2, HBM vertically
stacks multiple DRAM dies on top of a logic die by connecting them
using through-silicon vias (TSVs) to enable high-speed and wide
internal data transfers between memory layers [58, 61]. The stacked
DRAM dies are bonded using technologies such as microbumps
or hybrid bonding. The logic die, also referred to as the buffer die,
integrates I/O drivers, buffers, and physical layer (PHY) circuitry to
interface with a host processor. Prior studies have observed that the
logic die contains additional area that can accommodate active logic
other than conventional circuitry, enabling integration of custom
ASIC beyond standard I/O functions [52, 87]. Communication be-
tween the HBM stack and the host processor is facilitated through
silicon interposer or bridge technologies, such as Intel EMIB [29]
or TSMC CoWoS-L [123].

HBM adopts a hierarchical organization to expose high degrees
of parallelism. As illustrated in the center of Figure 2, HBM is di-
vided into multiple independent channels, each providing a 128-bit
wide data interface. Each channel is further partitioned into two
64-bit pseudo-channels (pCh), enabling finer-grained parallel ac-
cess. Within each pseudo-channel, memory is organized into bank
groups and banks, which operate independently and can process
memory commands concurrently. At the bank level, data is stored
in rows within DRAM sub-arrays. When a row is accessed, its
contents are loaded into the row buffer through a row activation
operation, incurring a latency of 𝑡RCD. Subsequent accesses to the
same activated row, known as row hits, avoid repeated activations
and incur lower latency. Achieving high row buffer locality, maxi-
mizing row hits, is a key performance characteristic of HBM and
plays an important role in enabling efficient memory access and
in-memory computation.

2.4 HBM-based PIM architecture
HBM-PIM architectures enhance HBM by integrating lightweight
compute units within the memory system, enabling computation
to be performed directly on data stored in DRAM and thereby ac-
celerating memory-bound workloads [60, 66, 72]. Amongst several
PIM implementations as discussed in Section 3, our proposed PIM
architecture is based on the commodity HBM-based PIM architec-
ture [60]. The commodity HBM-PIM depicted in Figure 3 is based
on the HBM2 standard and augments conventional DRAM banks
with compute units placed at the bank I/O boundary. To accom-
modate processing units while maintaining physical compatibility

and DRAM timing constraints, half of the DRAM sub-arrays are
removed, and each bank is equipped with a 16-lane 16-bit SIMD
floating-point unit (FPU) and dedicated register files. By executing
arithmetic operations directly near banks, HBM-PIM significantly
reduces data movement between the host processor and memory,
while exposing the high internal bandwidth of DRAM banks to
computation.

HBM-PIM supports three operation modes: single bank (SB)
mode, all bank (AB) mode, and all bank PIM (AB-PIM) mode. SB
mode corresponds to standard HBM operations, where each mem-
ory command targets a single bank. In AB mode, a single column
command is broadcast to all banks within a pseudo-channel, en-
abling lock-step access to the same row and column addresses
across banks. AB-PIM mode extends AB mode by allowing column
commands to simultaneously trigger PIM instruction executions to
enable synchronized in-memory computations across banks and
substantially higher effective bandwidth for PIM workloads.

For PIM operations, PIM instructions are stored in a command
register file (CRF). Each column command deterministically invokes
an instruction from the CRF, tightly coupling computation with
DRAM access timing while avoiding unnecessary data transfers
through the global I/O interface. Each PIM execution unit includes
a 16-wide SIMD datapath supporting FP16 arithmetic, a general
register file (GRF) for vector operands and accumulation, and a
scalar register file (SRF) for broadcasting scalar values across SIMD
lanes. The supported instruction set includes arithmetic operations
such as ADD, MUL, and MAC, as well as control and data-movement
instructions. Existing industrial HBM-PIM designs primarily target
general matrix-vector multiplication (GeMV) and related kernels,
which are representative of memory-bandwidth-bound workloads
in machine learning and high-performance computing.

To support transitions between SB, AB, and AB-PIM modes with-
out modifying the host processor or accessing privileged DRAM
mode registers, HBM-PIM encodesmode configuration usingmemory-
mapped configuration registers. Reserved address regions, referred
to as PIM CONF, are mapped to internal registers such as the AB
mode register (ABMR), SB mode register (SBMR), and a PIM op-
eration mode register. Mode transitions are triggered by issuing
ordered sequences of standard DRAM commands to these addresses,
avoiding mode register set (MRS) commands and the associated
kernel-level overhead.

3 Related work
Processing-in-memory (PIM) and near-data-processing (NDP) ar-
chitectures have emerged as promising approaches that can mit-
igate the high cost of data movement in modern systems. Com-
panies such as Samsung [60, 66, 72], SK Hynix [40, 64, 65, 73],
UPMEM [26, 95], Facebook [57], and Alibaba [91] have developed
industrial PIM/NDP solutions, demonstrating the potential of near
or in-memory computing for commercial applications. In the re-
search field, PIM/NDP architectures leveraging 3D-stacked mem-
ory technologies such as HMC and HBM have been extensively
explored [4–6, 8, 30, 50, 54, 88, 100, 110, 119, 125, 127, 133–135],
particularly for accelerating AI workloads.

Previous research has looked at placing custom ASICs on the
logic die of HBM and HMC to target a range of memory-intensive
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workloads such as graph processing, neural network inference,
database operations, and more [4, 5, 30, 34, 50, 88, 99, 100, 102,
110, 119, 125, 127, 133–135]. Numerous studies have built on HBM-
PIM for accelerating memory-bound workloads [8, 39, 47, 54, 55,
62, 74, 106, 122, 132]. Additionally, hybrid PIM/NDP architectures
that combine in-bank processing units with logic-die accelerators
have been proposed to process more complex computational ker-
nels [41, 42, 46, 96, 124]. These designs reduce or eliminate host
communication overhead, create a compute hierarchy between
bank-level and logic-die processing, and enable placing hardware
units with area requirements exceeding constraints of in-bank inte-
gration.

Additionally, there have been numerous works that utilized PIM,
NDP, and also compute-in-memory (CiM) architectures for target-
ing cryptography or confidential computing workloads with modu-
lar arithmetic as its major primitive, such as fully homomorphic en-
cryption (FHE), multi-party computation (MPC), and post-quantum
cryptography (PQC) [27, 28, 35, 53, 59, 75, 78, 89, 90, 97, 120, 131].

Research into hardware acceleration of zero-knowledge proofs
has been a growing area. The majority of works on ZKP hardware
acceleration target NTT and MSM operations using ASICs [24,
112, 121, 129], GPUs [48, 49, 76, 82, 84], FPGAs [43, 101, 130], and
distributed systems [79, 113]. There is a limited number of hardware
accelerations of sumcheck-based ZKP protocols [22, 23, 81, 103].

BatchZK [81] demonstrates GPU-based hardware acceleration
of the sumcheck-based ZKP protocol. BatchZK implements the
core modules of sumcheck-based ZKP protocols, including the sum-
check prover, Spielman encoder, and Merkle tree. BatchZK opti-
mizes for proof throughput using a pipelined GPU execution and
dynamic loading method that also achieves high utilization. How-
ever, BatchZK trades off latency for throughput, exhibiting a 7.7×
increased latency over the ICICLE ZKP GPU [44] baseline on the
sumcheck kernel at constraint size 220.

NoCap [103] is an ASIC accelerator targeting Spartan + Orion.
It features vector lanes of processing elements interconnected
via a Beneš network, alongside dedicated vector hash and NTT
units. NoCap employs a decoupled data-compute architecture with
static scheduling and uses an 8MB register file with orchestrated
memory accesses to hide memory latency. Sumcheck is mapped
to the modular arithmetic vector lanes and shuffle units. NoCap
is based on Goldilocks-64, which allows the use of 64-bit modu-
lar arithmetic units but requires running sumcheck three times to
achieve sufficient security. NoCap achieves 586× and 41× over high-
performance CPU and PipeZK [129], a ZKP hardware accelerator,
respectively.

4 Motivation
In this section, we analyze the characteristics of the sumcheck
protocol using high-performance CPU and GPU systems. Then, we
describe the challenges of employing existing PIM architectures to
accelerate the sumcheck protocol.

4.1 Characteristics of sumcheck
Long execution time: As described in Section 2.2, the sumcheck-
based ZKP prover exhibits the lower complexity of 𝑂 (𝑛) compared
to NTT-based ZKPs. However, the computation of the sumcheck
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algorithm is still a significant burden in ZKP systems. In order to
analyze the performance burden of sumcheck, we profile the ex-
ecution time of the sumcheck-based Spartan2 library [107] with
the Hyrax PCS in various constraint sizes. We use the CPU-based
ZKP system configured as listed in Table 2. Figure 4 exhibits the
breakdown of the execution time by various constraint sizes. Our
analysis reveals that sumcheck occupies 54%–76% of the total ex-
ecution time of Spartan ZKP. Prior studies also report that sum-
check takes up a large fraction of ZKP execution time. NoCap
presents that sumcheck occupies 70% of the total execution time of
the Spartan + Orion ZKP protocol [103]. Hyperplonk reports that
sumcheck-dominated multi-linear evaluations occupy 61% of total
ZKP execution time [17].
Low arithmetic intensity due to weak locality: The sum-
check protocol is inherently memory-bound, and thus it exhibits
extremely low arithmetic intensity. Each round performs global
accumulation and binary folding that halves the working set data.
During the folding operations, the sumcheck kernel reads entire
elements in a working set to perform a few field multiplications
and additions per folding, then updates the working set accordingly.
This process resembles binary tree processing. However, whereas
the standard binary tree reductions can exploit spatial locality with
depth-first processing, the folding operation in sumcheck exhibits
strict inter-round dependencies that enforce breadth-first process-
ing over a large working set, yielding extremely weak spatial lo-
cality. Consequently, the sumcheck kernel creates heavy off-chip
memory traffic. Prior studies also report the memory-intensive
characteristics of the sumcheck protocol [23, 81, 103].

To investigate the low processing efficiency due to heavy de-
mand data traffic, as shown in Figure 5, we profile off-chip memory
throughput and streaming multiprocessor (SM) occupancy by run-
ning the sumcheck kernel provided by the ICICLE 4.0 CUDA ZKP
backend [44] on NVIDIA RTX A6000 GPUs. The analysis results ex-
hibit that the average off-chip memory throughput of the sumcheck
kernel is extremely high (77%–95%). In contrast, the processing units
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Figure 6: Per-round latency and L2 cache miss rate of sum-
check

are severely underutilized, with SM occupancy at approximately
25%.
Detailed behavior by sumcheck rounds: To further investigate
the behavior of the sumcheck kernel, we profile the execution
latency and L2 cache miss rates by sumcheck rounds, as shown in
Figure 6. We use the CPU systems listed in Table 2 with the PAPI
interface [45] to collect the profiled data. Note that the ICICLE
ZKP GPU backend is closed-source, and thus, we utilize the CPU
system instead. The sumcheck kernel is bound to a single socket
to eliminate non-uniform memory access (NUMA) effects. Our
analysis reveals that in early rounds, L2 cache miss rates are high
(over 60%) because sumcheck’s evaluation table 𝑇 exceeds the L2
cache capacity. Since sumcheck halves the working set each round,
an increasing fraction of the evaluation table fits within the cache
hierarchy, improving cache utilization in later rounds. However,
our analysis also reveals that the first 5 rounds of sumcheck, which
exhibit high cachemiss rates, occupy 97% of the total execution time.
This indicates that the sumcheck kernel is significantly memory-
bound, thus we need efficient approaches that can handle such
heavy off-chip data traffic by sumcheck.

4.2 Challenges of employing PIM
Since PIM architectures are emerging solutions that can address the
high off-chip data movement cost by memory-bound workloads,
employing PIM for the sumcheck kernel can be an effective ap-
proach that improves the performance of sumcheck-based ZKPs.
However, there are several challenges to employing PIM architec-
tures directly for accelerating the sumcheck protocol.
Large-bitwidth modular arithmetic: The sumcheck protocol
requires large-bitwidth modular arithmetic to achieve sufficient se-
curity levels [10, 37]. In practice, sumcheck-based ZKP systems use
large prime fields, with field sizes extending up to 256-bits [17, 107].
However, the processing engines embedded in commodity and aca-
demic PIM solutions usually support low-precision data formats
such as FP16 and MX8 [62, 96]. Even though optimizations allow
to deploy lower-bitwidth operands supported by general-purpose
processors [9, 59], these approaches require complex control flows
and/or data concatenations, which do not fit well into PIM archi-
tectures.
Inter-bank data communications: In order to maximize the
processing efficiency on existing memory cell structures, the com-
modity HBM-based PIM architectures only support data use within
a bank or a bank group. Hence, a host processor needs to create
abundant off-chip memory accesses for data fetch and write-back

4

Fig.7 Bankgroup-level organization of SumCheckPIM architecture. 8 PIM 
die configuration and one PIM unit per odd and even bank pair.
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Figure 7: Overview of the SumcheckPIM architecture, focus-
ing on near-bank processing engines

to compute data across different banks or bank groups. Such inter-
bank computations significantly curtail the performance benefits
of PIM architectures. The sumcheck protocol contains several op-
erations that require global data reductions. For instance, the ac-
cumulation of all current working set data (Algorithm 1, lines 7
and 8) incurs data reduction across multiple banks. The Fiat-Shamir
challenge requires the generated random challenge element to be
broadcast to all processing engines (Algorithm 1, line 11). Although
the folding scheme (Algorithm 1, line 13) initially may not require
any inter-bank data communications in the earlier rounds, the data
across multiple banks need to be merged further once the data
within a bank are fully reduced.

5 SumcheckPIM
In this work, we propose SumcheckPIM, an efficient HBM-based PIM
architecture tailored to supporting the non-interactive sumcheck
protocol. As shown in Figure 7, SumcheckPIM is implemented based
on the HBM2 stack configuration that includes eight DRAM (PIM)
dies and one logic die. To support the arithmetic for the sumcheck
protocol in PIM, SumcheckPIM includes near-bank processing en-
gines (NBPs) on the PIM dies. Like the commodity HBM-based PIM
solution, a single near-bank processing engine is associated with a
pair of odd and even banks. In addition, SumcheckPIM implements
processing units for the Fiat-Shamir transformation and inter-bank
computations on the logic die. Note that the non-interactive sum-
check protocol requires accumulations and next-round challenge
generations for the entire working set data, as mentioned in Sec-
tion 2.2. The processing units on the logic die support computations
spanning multiple banks, which cannot be performed by NBPs.
SumcheckPIM further optimizes the PIM architecture to support
the folding operation efficiently by exploiting DRAM peripheral
circuits and the even-odd bank structure of HBM.

To support the large-bitwidth modular arithmetic demanded by
ZKP applications, SumcheckPIM exploits the 32-byte (i.e., 256-bit)
burst access granularity of HBM. Namely, SumcheckPIM imple-
ments 256-bit modular multipliers and adders that operate seam-
lessly using the basic DRAM commands. By exploiting the wide
access granularity of the HBM burst mode and the high-bitwidth
arithmetic units implemented in HBM dies, SumcheckPIM can sup-
port a wide range of sumcheck-based ZKP applications using the
PIM operations solely.
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Figure 8: Processing units on the logic die of SumcheckPIM

5.1 Proposed architecture
Near-bank processing engine (NBP): As shown in Figure 7, a
single NBP is associated with a pair of odd and even banks to per-
form field arithmetic operations near the banks. Each NBP includes
a 256-bit Barrett modular multiplier, a 256-bit modular adder, and a
control unit. The general register file (GRF) within an NBP includes
16 registers with a 256-bit width. GRF is used for holding field
elements, random challenge elements, and partial accumulation
results. SumcheckPIM supports the data transfers between GRF and
the row buffers of odd and even banks using MOV and FILL instruc-
tions. The target bank is selected by the bank select bit allocated
in an unused bit field of a DRAM read command during AB-PIM
mode.
Fiat-Shamir unit (FSU): An FSU is placed on the logic die to
process global accumulations and random challenge generations.
As shown in Figure 8, the FSU consists of operand queues, an adder
tree, an accumulation register file (ARF) and a SHA3 hash unit. The
field arithmetic results stored in banks are delivered to the operand
queues through TSVs. The operands transferred from the multiple
banks are accumulated by the pipelined adder tree composed of
256-bit modular adders, and then the output of the adder tree is
stored in ARF. SumcheckPIM includes a total of 31 modular adders
within an adder tree under the configuration of eight PIM dies. The
SHA3 hash unit produces random challenge field elements from
the accumulated results. The output of the SHA3 hash unit can be
routed either to NBPs through TSVs or to the IBP on the logic die.
Inter-bank processing engine (IBP): The IBP on the logic die
performs field multiplications and additions further by gathering
the results from multiple NBPs. It is required for folding between
banks when each of the banks has been fully reduced in the later
rounds. The IBP is composed of two input buffers, where each input
buffer includes four 256-bit entries, a modular arithmetic unit (a
256-bit Barrett modular multiplier and a 256-bit modular adder), and
a 15KB data buffer for storing the working set data, intermediate
values, and proof transcript. As shown in Figure 8, the IBP can also
receive the random challenge elements from the FSU and provide
the accumulated results back to the SHA3 hash unit.

To support the operations on the logic die (i.e., FSU and
IBP), SumcheckPIM includes additional configuration registers,
LOGIC_DIE_MODE and LOGIC_DIE_SELECT, mapped to PIM CONF
reserved address space. Once LOGIC_DIE_MODE is toggled on,
DRAM read commands operate similarly to the single-bank (SB)
mode, but the data read from a target bank is transferred to the pro-
cessing units on the logic die. LOGIC_DIE_SELECT selects the target
processing unit (i.e., IBP or FSU) of the transferred data. Note that

LOGIC_DIE_SELECT is ignored when LOGIC_DIE_MODE is disabled.
Our approach bypasses expensive kernel-level MRS accesses [60].

5.2 Instruction set and command interface
SumcheckPIM executes the near-bank PIM instructions in a

manner similar to the commodity HBM-based PIM [60]. Namely,
SumcheckPIM executes PIM instructions for NBPs by triggering
the instructions in the command register file (CRF) with DRAM
read commands during AB-PIM mode. All PIM instructions are
encoded in a 32-bit command space. SumcheckPIM includes a PIM
instruction set for supporting modular arithmetic operations as
listed in Table 1a. MOV and FILLmove 32-byte column data between
the row buffer and the registers in GRF. M.ADD, M.MULT, and M.SUB
are modular instructions of addition, multiplication, and subtrac-
tion, respectively. These modular instructions use data in GRF as
operands. To execute modular instructions with NBPs, Sumcheck-
PIM loads data from the row buffer into registers using MOV, then
executes modular arithmetic instructions. Once the requested mod-
ular computations are complete, SumcheckPIM stores the results
in GRF back to the row buffer using FILL.

SumcheckPIM controls the processing units on the logic die by
exploiting a DRAM row command interface issued by the host mem-
ory controller. Unlike the PIM instructions for NBPs, SumcheckPIM
leverages the virtual row address space to encode the commands
for IBP and FSU. Note that the number of rows per bank is reduced
to half of the original HBM since processing units (i.e., NBPs) oc-
cupy a part of the DRAM (PIM) dies. Although the corresponding
physical rows do not exist in each bank, their address space remains
to support compatibility with the JEDEC standard [46, 66]. Hence,
SumcheckPIM can use the most significant bit (MSB) of a row field
as a special bit for specifying logic die operations. Specifically, if
this bit is set, SumcheckPIM uses the remaining address fields to
encode logic die commands. With this approach, SumcheckPIM can
control the logic die operations more efficiently without offloading
instructions to the logic die.

Table 1: Additional instruction set of SumcheckPIM
(a) PIM instructions for NBPs

Operation Source A Source B Destination
MOV Row buffer - Register
FILL Register - Row buffer

M.ADD Register Register Register
M.SUB Register Register Register
M.MULT Register Register Register

(b) Logic die functions triggered by virtual row commands
Operation Input Description

ST Input buffer index, Data buffer index Store from input buffer to data buffer
M.ADD Data buffer index, Data buffer index Modular addition
M.SUB Data buffer index, Data buffer index Modular subtraction
M.MULT Data buffer index, Data buffer index Modular multiplication
ACC ARF Index Adder tree activation

HASH_WRITE ARF index or Data buffer index Push element into hash unit
HASH - Process hash
BCAST - Broadcast hash result to NBP

IBP.BCAST Data buffer index Broadcast hash result to IBP

Table 1b lists the commands for logic die operations. IBP sup-
ports the commands for data movement between the data buffer
and input buffers as well as modular arithmetic commands (i.e.,
M.MULT, M.ADD, and M.SUB). FSU is controlled by the commands
for accumulation and hash processing. ACC activates the adder tree
to accumulate values and write into ARF. HASH_WRITE forwards
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Figure 9: Execution flow of SumcheckPIM

values from IBP’s data buffer or ARF to the SHA3 hash unit, and
HASH triggers hash computation. BCAST and IBP.BCAST broadcast
the hash output to NBPs and IBP, respectively.

5.3 Execution flow
Figure 9 depicts the execution flow of the sumcheck protocol on
SumcheckPIM, with shaded regions denoting the processing units
involved. The initial evaluation table 𝑇 is uniformly distributed
across banks via round-robin interleaving, first across all even
banks, then across all odd banks, to enable folding without inter-
bank communication. If the table size exceeds half of the total HBM
capacity, it is distributed across both even and odd banks. When
it fits within half of the total capacity, SumcheckPIM allocates the
evaluation table entirely to either even or odd banks to exploit the
DRAM-aware folding scheme described in Section 5.5.

Each round of the sumcheck protocol consists of three phases:
accumulation, challenge generation, and folding.
Accumulation: The sumcheck protocol performs the accumulation
of the entire working set. SumcheckPIM performs the accumulation
phase hierarchically: intra-bank accumulation is handled by each
NBP, and inter-bank accumulation is performed by FSU. Namely,
each NBP accumulates the working set data within the correspond-
ing bank concurrently, then SumcheckPIM forwards the partial
sums generated by NBPs to FSU sequentially via TSV channels.
This operation is triggered by DRAM commands issued by the host
memory controller. FSU computes the global sum using the adder
tree as described in the previous section.
Challenge generation: SumcheckPIM delivers the accumulation
results to the SHA3 hash unit, which computes the Fiat-Shamir
challenge 𝑟𝑟𝑜𝑢𝑛𝑑 = 𝐻 (𝜋). SumcheckPIM then broadcasts the gen-
erated random challenge element (𝑟𝑟𝑜𝑢𝑛𝑑 ) to all NBPs using the
BCAST logic die command. The random challenge is subsequently
written to the GRF of each NBP.
Folding: Each NBP updates the corresponding local portion of the
evaluation table using the computed random challenge. Since fold-
ing combines pairs of elements within the same bank, all NBPs can
perform the folding operation independently in parallel. When each
bank includes only a single element in later rounds, SumcheckPIM
forwards the element from each bank to IBP to perform the folding
operation further by aggregating elements across banks.

5.4 Inter-bank folding
As the sumcheck protocol progresses, the size of the evaluation
table is halved in each round. Consequently, the working set within
each bank also halves every round until each bank contains only a
single element. In order to further perform the folding operation
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Figure 10: Timing of the inter-bank folding

entirely in memory without host intervention, SumcheckPIM trans-
fers elements from multiple banks to the IBP via TSVs, where they
are aggregated. Note that the baseline HBM-based PIM architecture
does not support inter-bank communication, and thus the host pro-
cessor needs to fetch the remaining elements from multiple banks
to complete the folding operation. Such host–PIM data transfers
incur significant data-movement overheads (i.e., high latency and
energy consumption). SumcheckPIM addresses the overheads of the
folding operations across banks using simple processing engines
on the logic die and the pipelining scheme.

During the inter-bank folding operation (round𝑘 and subsequent
rounds in Figure 9), the host memory controller issues DRAM
commands to transfer the element from each bank to IBP, then IBP
performs accumulation across elements from multiple banks. Like
the normal challenge-generation phase, FSU computes the random
challenge element from the accumulated working set data. Using
the IBP.BCAST command, the generated random challenge element
is stored in the IBP data buffer for the next round of operation.
Once the IBP processes up to the final round, the host reads the
proof transcript from the IBP data buffer.

Figure 10 exhibits the pipelining of the first round of inter-bank
folding. As mentioned in Section 5.3, SumcheckPIM initiates the
inter-bank folding when each bank contains only a single element.
SumcheckPIM transfers the single element in each bank twice: first
to calculate the challenge element (i.e., the first hash) and second
to perform the folding operation with the first hash. During the
challenge generation, element fetches from banks (denoted as R
in Figure 10) are overlapped with IBP accumulation (denoted as
Acc). IBP stores the accumulated value in the data buffer, and FSU
hashes this value to generate the challenge element for the next
round. Note that the fetched elements are not stored in IBP during
this phase. Next, for the folding operation, SumcheckPIM again
transfers the single element in each bank to IBP. These element
fetches are overlapped with the folding operation. The result of the
folding operation, representing the working set, is then saved to the
data buffer in IBP. In subsequent rounds, as the working set data
now exists in the IBP data buffer, the three steps of the sumcheck
round are processed by IBP and FSU without fetching elements
from banks. Note that by performing the element fetch twice in
the first round of inter-bank folding, SumcheckPIM can employ a
smaller data buffer for storing the working set data (i.e., half of the
single element fetch case).

5.5 DRAM-aware folding scheme
SumcheckPIM employs a DRAM-aware folding scheme that max-
imizes row-buffer locality through a row-packing strategy and a
ping-pong mechanism between odd and even banks. As described
in Section 5.1, each NBP is associated with a pair of adjacent banks
(i.e., one odd and one even bank). Accordingly, a single NBP can
access the row buffers of both banks by adjusting the source and
destination pointers of the MOV and FILL instructions. By exploiting
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this unique HBM-based PIM architecture, SumcheckPIM further
optimizes the performance of folding operations.

The row-packing scheme prevents row fragmentation by combin-
ing folded outputs frommultiple rows into a single row, maximizing
operations per row activation. If an NBP accesses only a single bank,
this row-packing scheme cannot be applied since the row buffer
updated with the folded output needs to be written back to the bank
before activating (i.e., loading) a new source row for the folding
operation. This process is similar to a row conflict in conventional
DRAM operation, which requires additional commands such as
precharge and activation to replace the row buffer. SumcheckPIM
enables row-packing through bank ping-ponging. Namely, Sum-
checkPIM writes the folded outputs to the opposite bank’s row
buffer to avoid row conflicts.

Figure 11 depicts the proposed DRAM-aware folding scheme.
The leftmost figure shows processing of the first row: the row
is activated (loaded) into the even bank’s row buffer, and folded
elements are written to half of the odd bank’s row buffer. In the
center figure, the second row of the even bank is activated, and
folded elements are written to the remaining half of the odd bank’s
row buffer. Once two rows of the even bank have been folded
and packed into a single row of the odd bank, the row buffer is
written back to the odd bank. This process repeats for all remaining
rows. In subsequent rounds, the scheme changes the source and
destination, folding from the odd bank back into the even bank. By
separating the source and destination banks, SumcheckPIM enables
row packing without row conflicts. Compared to a naïve single-
bank folding approach, our proposed DRAM-aware folding scheme
reduces the number of activations by more than half.

For large-scale ZKP workloads, the evaluation table may initially
occupy all rows within a bank. If both odd and even banks are fully
occupied, the proposed DRAM-aware folding scheme cannot be
applied since the destination bank lacks empty rows to store folded
outputs. In this case, SumcheckPIM performs in-place updates for
the first folding round. Namely, the folding operation is performed
using one row from the odd bank and one row from the even bank,
then the folded outputs are packed into a single row in one of the
banks. Note that, after this round, one bank holds the updated folded
outputs while the other bank contains the outdated data. This frees
the latter bank to be used as the ping-pong destination, enabling
the DRAM-aware folding scheme for the subsequent rounds.

6 Evaluation
6.1 Methodology
We implement the proposed SumcheckPIM architecture using a
cycle-accurate PIM simulator modified from DRAMSim3 [77] con-
figured with an HBM2 model as listed in Table 2. We evaluate the

end-to-end performance of the sumcheck protocol kernels across
a wide range of ZKP workloads that use various constraint sizes.
For the baseline ZKP systems, we use GPU and CPU systems as
shown in Table 2. We use the ICICLE 4.0 library [44] to run the
ZKP workloads on the baseline systems. Note that ICICLE supports
optimized multi-threaded sumcheck protocol kernels for both CPU
and GPU platforms. We measure the latency of the sumcheck pro-
tocol ten times on the real hardware systems to take the average
latency of the sumcheck protocol execution.

Table 2: System configurations used in evaluation.

Component Configuration

SumcheckPIM

Memory type HBM2
No. of pChannels 32
No. of BG / pChannel 4
No. of banks / BG 4
No. of DRAM rows 16,384
No. of DRAM columns 32
Clock frequency 1,000 MHz
Timing parameters 𝑡𝐶𝐶𝐷𝑆 = 1, 𝑡𝐶𝐶𝐷𝐿 = 2, 𝑡𝑅𝐴𝑆 = 34, 𝑡𝑅𝑃 = 14,

𝑡𝑅𝐶𝐷𝑅𝐷/𝑊𝑅 = 14, 𝑡𝑅𝑅𝐷𝑆 = 4, 𝑡𝑅𝑅𝐷𝐿 = 6

GPU (NVIDIA RTX A6000)

No. of CUDA cores 10752
Clock frequency 1,410 MHz / 1,860 MHz
Memory bandwidth 768 GB/s
Device memory 48 GB GDDR6X

CPU (Intel Xeon Gold 6330, dual socket)

No. of cores and threads 28 × 2 / 56 × 2
Clock frequency 2,000 MHz / 3,100 MHz
Device memory 512 GB DDR4

To compare the energy consumption of SumcheckPIM, we mea-
sure the energy consumption of CPU and GPU baseline systems
using on-chip power sensor interfaces. We obtain CPU energy con-
sumption through the Intel RAPL interface, which captures energy
usage of the cores and the attached DRAM [25]. We collect GPU
power traces via the NVML API (nvmlDeviceGetPowerUsage) [93]
with a sampling interval of 10 ms. For SumcheckPIM, we estimate
the energy consumption using the built-in power model of DRAM-
Sim3, which accounts for memory state transitions and their corre-
sponding current draws in accordance with the JEDEC standard.
We estimate the energy consumption of compute units by combin-
ing cycle counts of each active logic component, including SRAM,
with power estimates obtained from Synopsys Design Compiler
using the 14 nm SAED FinFET process library. We also estimate
the area overhead by synthesizing the RTL models of processing
units under the same synthesis setup.

6.2 Workload
We use the workload listed in Table 3 that scales from 220 to 225
to reflect real-world ZKP applications. Batched AES, ECDSA, and
Merkle Tree are widely used benchmarks for ZKPs [1–3]. We also
consider emerging ZKP applications. ZEN [31] is an optimizing
compiler for verifiable zero-knowledge neural network inference.
Under ZEN’s inference verification scheme, ShallowNet on the
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MNIST dataset and LeNet on the ORL dataset yield 222 and 224
constraints, respectively. LitmusDB [114] is a verifiable database
management system that uses ZKP to prove transaction correct-
ness, from which we derive a representative workload yielding
225 constraints. At this largest constraint size, the evaluation table
fully utilizes the 4GB capacity of the SumcheckPIM stack. Previous
works have used these selected workloads, and scales are repre-
sentative of the current state of zero-knowledge proof hardware
acceleration [23, 81, 103, 112]. We instantiate the architecture with
a BN254 field modulus and R1CS constraint system that will enable
comparison with the ICICLE 4.0 library and with prior work.

Table 3: ZKP workloads and associated constraint sizes

Benchmark Size Benchmark Size

Batched AES [3] 220 Merkle Tree [2] 223
Verify ECDSA [1] 221 LeNet [31] 224
ShallowNet [31] 222 LitmusDB [114] 225

6.3 Performance
SumcheckPIM outperforms the baseline systems for all evaluated
constraint sizes from 220 to 225 through effective in-memory pro-
cessing. Figure 12 exhibits the speedup of the GPU and Sumcheck-
PIM normalized to CPU latency. SumcheckPIM achieves 5.3×–13.3×
and 334.2×–361.1× over the GPU and CPU baselines, respectively.
SumcheckPIM achieves its highest speedup over the GPU baseline
at constraint size 220, and speedup reduces for higher constraint
sizes evaluated. We mainly attribute this decrease in speedup for
increasing constraint sizes to GPU baselines not fully saturating the
DRAM bandwidth for smaller constraint sizes. As depicted in Fig-
ure 5, aggregate DRAM throughput profiled with NVIDIA Nsight
Compute 2025.1 [92] at 220 shows 76.7% and saturates to 91.0% at
225.

We also evaluate the performance impact of the proposed DRAM-
aware folding scheme. Figure 13 shows the latency of the RTX
A6000 GPU and SumcheckPIM with optimization (i.e., DRAM-
aware folding), normalized by SumcheckPIM without optimization.
Evaluation shows SumcheckPIM with the proposed DRAM-aware
folding scheme provides 2.0×–4.1× speedup over SumcheckPIM
without optimization. Note that SumcheckPIM without optimiza-
tion still outperforms the GPU baseline, where the RTX A6000
GPU achieves 0.31×–0.40× speedup with respect to Sumcheck-
PIM without optimization. The DRAM-aware folding scheme steers
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Figure 13: Performance of DRAM-aware folding scheme
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Figure 14: Energy reduction compared to baselines

memory accesses toward fewer rows with data, which improves
row buffer locality. Averaged across all constraint sizes, the pro-
posed scheme achieves a row buffer hit rate of 98.9%. The proposed
scheme also achieves a significant 72.9% reduction in row activa-
tion commands over the SumcheckPIM without optimization on
average. A notable trend of Figure 13 is that the speedup of Sum-
checkPIM with optimization reduces from 4.1× at 220 to 2.0× at 225
constraint sizes compared to SumcheckPIM without optimization.
This trend reflects that the naïve scheme is relatively more ineffi-
cient at 220 than at 225. At 220 constraint sizes, the naïve scheme
processes early rounds with inter-row folding, which incurs two
row activations per folding operation. In contrast, 225 processes
the runtime-dominant early rounds with intra-row folding, which
has a relatively higher ratio of operations per activation. Conse-
quently, at constraint size 220, DRAM-aware folding optimization
demonstrates a greater speedup.

6.4 Energy efficiency
Figure 14 shows energy consumption normalized to the GPU base-
line. The evaluation results show a considerable reduction in energy
from 82.6% at 220 to 64.2% at 225 constraint size, demonstrating
that SumcheckPIM is an energy-efficient solution for the sumcheck
protocol. Energy reduction decreases for higher constraint size as
the GPU baseline reduces its relative latency for higher constraint
sizes by better saturating the DRAM throughput.

To further demonstrate the efficiency of SumcheckPIM, energy-
delay-product (EDP) normalized by the CPU baseline is shown
in Figure 15. SumcheckPIM shows 68, 477×–80, 452× and 14.97×–
76.23× EDP improvements over CPU and GPU baselines, respec-
tively. EDP improvements being greater than observed speedup are
expected from our design being superior both in terms of latency
and energy consumption.
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Figure 15: Energy delay product improvement compared to
baselines

Table 4: Energy breakdown at 225 constraint size

DRAM RD/WR Compute Other
Energy (%) 97.7 2.12 0.18

We present the energy breakdown of SumcheckPIM at 225 con-
straint size in Table 4. Note that most energy consumption is from
the DRAM read and write, which includes DRAM operations such
as activation and precharge, making up 97.7% of total energy con-
sumption. Compute energy consumption makes up second highest
portion of 2.12%, which is significantly less than DRAM read and
write energy. Other energy consumption reported by DRAMSim3,
such as standby energy, makes up the remaining 0.18% of total en-
ergy consumption. We note that SumcheckPIM satisfies the power
constraint of HBM2.

6.5 Area
We evaluate the hardware area cost of SumcheckPIM units. We
synthesize the RTL models of NBP and logic die units using a SAED
14 nm standard-cell library and then scale the results to 20 nm
process node using DeepScaleTool [104]. Although DeepScaleTool
does not natively support the 20 nm node, we manually compute
and apply the corresponding scaling factor to ensure accurate nor-
malization across technologies.

Based on the data in published documents [72, 109], the PIM
unit size of the commodity HBM-based PIM system is approxi-
mately 0.94 𝑚𝑚2. The measured area of the NBP, including the
modular multiplier, modular adder, and register files introduced
by SumcheckPIM, is 0.59𝑚𝑚2, which is smaller than the area of a
single in-memory processing unit in existing commodity HBM-PIM
architectures.

To accurately evaluate the area overhead of SumcheckPIM pro-
cessing units integrated into the logic die, we quantify their area
relative to the logic die area of a conventional HBM2 device. Based
on reported measurements, the SumcheckPIM logic die units, com-
prising the Fiat-Shamir unit, inter-bank processing engine, and
control unit, occupy a total area of 9.16mm2. Given the reported
logic die area of 96mm2 for HBM2 devices [21, 71], this corresponds
to 9.54% of the total logic die area.

The inter-bank processing engine pipelining optimization de-
scribed in Section 5.4 also yields significant logic die area savings.
An implementation without the proposed optimization would re-
quire 28 KB of data buffer on the logic die instead of 15 KB with
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Figure 17: Performance by HBM2 and HBM3 timing parame-
ters

optimization. This optimization reduces the logic die area overhead
by 43% compared to the non-pipelined configuration. Of the total
buffer on the logic die, 2.4 KB is used for storing the proof transcript,
and the remaining 12.6 KB is allocated for the working set data.

6.6 Sensitivity study
SumcheckPIM is implemented using 32 pseudo-channels of a single
HBM stack, which implies that SumcheckPIM utilizes all eight dies
of an HBM2 stack as PIM dies. Considering that the commodity
HBM-based PIM product uses four PIM dies out of a total of eight
DRAM dies [60], we perform a sensitivity study between four and
eight PIM die configurations. As shown in Figure 16, we observe
that the eight PIM die configuration consistently provides approxi-
mately 2× speedup over the four PIM die configuration. This result
demonstrates that SumcheckPIM scales with the number of chan-
nels and also that global logic die operation has minimal overhead
on bank parallel execution. Accordingly, we expect SumcheckPIM
to scale further with the larger die stack counts supported by HBM3
and HBM4 standards [86, 87].

Although no commercial products exist to date, several aca-
demic studies have proposed HBM-based PIM architecture based
on HBM3 [46, 62, 96]. We evaluate the impact of HBM technology
on the performance of SumcheckPIM with the results presented
in Figure 17. To model the HBM3 configurations, we reference the
timing parameters from AttAcc [96] and the JEDEC standard [86].
We select two specific configurations: the 5.2 Gbps configuration
used in AttAcc and the 6.4 Gbps variant which represents the peak
bandwidth per pin of commercial HBM3. We separately synthesize
the logic units using the same procedure described in Section 6.1.
We verify them to be functional at the target simulated clock fre-
quency. We observe consistent average latency reductions of 22.3%
and 29.1% for the HBM3 5.2Gbps and 6.4 Gbps configurations, re-
spectively. Note that the measured latency reduction is smaller than
the relative increase in clock frequency as timing parameter clock
cycles are increased to satisfy internal DRAM timing constraints.
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7 Discussion
Comparison with prior work: We compare SumcheckPIM with
prior sumcheck accelerators. In the case of BatchZK [81], we do
not include a comparison, as it is designed to optimize through-
put rather than latency. BatchZK reports a 0.130× speedup over
the ICICLE baseline, which SumcheckPIM already surpasses, as
demonstrated in Section 6.3. We compare against NoCap [103], a
custom ASIC accelerator for Spartan + Orion that assumes 1 TB/s
HBM bandwidth. While NoCap does not report sumcheck latency
directly, approximately 70% of its runtime is attributed to sumcheck
as reported by the authors. Compared to NoCap’s reported end-to-
end latency for scaled AES and SHA benchmarks (approximately
224 and 225 constraints, respectively), SumcheckPIM achieves 2.13×
and 2.09× speedup over NoCap. SumcheckPIM with a four PIM die
configuration also surpasses NoCap, delivering a 1.02× speedup at
constraint size of 224.

8 Conclusion
In this paper, we present SumcheckPIM, an HBM-based PIM ar-
chitecture designed to accelerate the non-interactive sumcheck
protocol. Our analysis reveals that the sumcheck protocol is in-
herently memory-bound, and thus processing units are frequently
underutilized despite its simpler computational structure compared
to conventional NTT and MSM kernels. In order to address the
performance hurdles caused by the high data movement cost of the
existing sumcheck protocol, we design an HBM-based PIM architec-
ture that can support the computations of the sumcheck protocol
on the base architecture of an HBM stack. SumcheckPIM supports
in-memory processing of the sumcheck protocol by combining
processing units (PUs) near banks on DRAM dies and dedicated
processing engines deployed on the logic die. SumcheckPIM also
exploits the data flows via TSVs on an HBM stack to support inter-
bank computations. We further develop a PIM-oriented execution
flow tightly coupled with the proposed architecture. We also pro-
pose a control scheme optimized for the PU architecture associated
with odd and even banks on the HBM-based PIM. We implement
SumcheckPIM using a cycle-accurate DRAM simulator. Our eval-
uation results reveal that SumcheckPIM achieves 5.3×–13.3× and
334.2×–361.1× speedup over GPU and CPU baselines, respectively.
SumcheckPIM is also an energy-efficient solution, achieving 64.2%–
82.6% energy reduction over the GPU baseline.
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