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Abstract—Large Language Models (LLMs) serve as the core
components of Al agents used across a wide range of applications,
including enterprise workflow automation, software engineering,
web automation, computer use, and research. These agentic
LLM inference tasks are fundamentally different from traditional
chatbot-focused inference — they often have much larger context
lengths to capture complex, prolonged inputs, such as an entire
webpage DOM or complicated tool call trajectories. This, in turn,
generates significant off-chip memory traffic for hardware at the
inference stage and causes the workload to be constrained by
the two memory walls, namely the bandwidth and capacity walls,
preventing the compute units from achieving high utilization.

In this paper, we introduce PLENA, a hardware—software co-
designed system that applies three core optimization pathways.
PLENA features a novel flattened systolic-array architecture
(Pathway 1) and efficient compute and memory units that support
an asymmetric quantization scheme (Pathway 2). It also provides
native support for FlashAttention (Pathway 3). In addition,
PLENA is developed with a complete software-hardware stack,
including a custom ISA, a compiler, a transaction-level simulator,
and an automated design-space exploration flow. Experimental
results show that PLENA delivers up to 2.23x and 4.70x higher
throughput than the A100 GPU and TPU vée, respectively, under
identical multiplier counts and memory configurations during
LLaMA agentic inference. PLENA also achieves up to 4.04x
higher energy efficiency than the A100 GPU.

Index Terms—LLM Accelerator, Agentic Inference, Systolic
Array, FlashAttention, Quantization

I. INTRODUCTION

Transformers have revolutionized Al across various fields,
including language, vision, and science [35], [63], [67].
Transformer-based autoregressive large language models
(LLMs), like GPT [47] and LLaMA [61], are now widely
deployed in many applications, such as chatbots [73], code
generation [33] and computer-use workflows [46].

The rapid rise of LLM agentic capabilities, e.g. computer-
use [40], web automation [28], [45], and command-line
agents [2], relies heavily on their ability to process and reason
over very large context windows. For instance, command-line
agents must both comprehend and generate large-scale code-
bases [31], [51], [71], while tool- and computer-use agentic
workflows must track multiple pieces of information across
prolonged inputs (e.g. a complete web page DOM), typically
requiring very long contexts [11], [16], [36]. Figure 1(a)
shows that, when compared to chatbot workloads, agentic
workloads consume up to 100x more tokens per inference.
In response, modern LLLMs have deliberately expanded their
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(a) Token usage comparison across standard chatbot [73], [76],
coding [10], [17], and agentic workloads, including Computer Use
Agent (CUA) [3], [69] and Web Use Agent (WUA) [9], [69].
Although decode uses far fewer tokens than prefill in agentic tasks, it
still contributes significantly to latency due to sequential processing
over the full context.
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(b) Compute intensity shifts from
FFN to attention blocks with an
increasing context length.

(c) KV cache scales with con-
text length, eventually dominat-
ing memory usage.

Fig. 1: An illustration of agentic inference workloads shows
how they typically generate many more tokens per single
inference run (a), contain both FFN-compute-intensive and
attention-compute-intensive phases (b), and include weight
-memory-capacity-dominant and KV-dominant phases (c)
within a single inference run.

context windows: the original GPT-3 [8] supports roughly 2k
tokens, whereas GPT-4 [47] reaches up to 32k tokens, and
LLAMA-4-Maverick [4] up to 1M tokens.

To clarify the computational characteristics of agentic work-
loads, Figure 1(b) analyzes a long-context LLAMA-3-70B
model. At small context lengths, inference is dominated by
Feed-Forward Networks (FFNs), which account for the ma-
jority of FLOPs. As the context grows, primarily driven by
large prefill sequences in agentic tasks, the computational
profile transitions from FFN-intensive to attention-intensive,
with attention eventually dominating the overall FLOP count.



Agentic LLM inference also consumes significant HBM
resources. Figure 1(c) identifies two major limiting factors on
the memory side. First, the large number of KV values and
weights that must be read, together with the portion of KV
values written back, impose substantial memory-bandwidth
demands. Second, as context length increases, the KV-cache
requirement grows linearly, quickly increasing memory usage
and often surpassing the size of the model weights, making
HBM capacity a primary limiting factor. For example, in
LLAMA-3-70B, at a 128k context [44], the FP16 KV cache
for a single batch is approximately 39 GB, which limits how
many batches can be kept on the chip [23]. Building on this
observation, we suggest that there are two main challenges
on the off-chip memory side, namely, (i) the limited memory
bandwidth and (ii) the restricted memory capacity. We collec-
tively term these memory walls. Together, they prevent devices
from reaching peak performance at inference time, consistent
with observations in prior work [15], [23], [74].

The memory wall phenomenon leads to the underutilization
of computing resources on hardware, such as TPUs and GPUs.
This effect is particularly evident in General Matrix-Matrix
Multiplication (GEMM) operations (RM*K x REXN
RM>N) " denoted as (M, K) x (K, N), which constitute the
core computational workload during LLM inference [26].
At the microarchitectural level, most hardware is built with
square-shaped systolic arrays or matrix multiplication units,
typically designed so that the M and N dimensions are close
in size to K. For example, TPU v3 [24] features a 128x128
systolic array, supporting M = K = N = 128 GEMM
operations. However, in long-context agentic models, as shown
in Figure 1(c), memory often becomes the primary constraint
for the inference batch size. This results in a far GEMM
operation, where the batch-related dimension (typically M in
(M,K) x (K, N)) is much smaller than the other operating
dimension. This essentially produces an uneven matrix shape'.
This imbalance hinders systolic arrays and Tensor Cores from
achieving a high computational resources utilization rate [29].

To this end, we propose the Programmable Long-context
Efficient Neural Accelerator (PLENA), an efficient trans-
former model accelerator system designed to maintain high
utilization of GEMM units across all inference stages (pre-
filling and decoding), particularly for agentic LLM inference
tasks with large contexts. PLENA achieves high efficiency
for long-context inference by exploring three optimization
pathways across both hardware and software design spaces.

First, our novel flattened systolic array (Pathway 1) resolves
the architectural mismatch caused by the typical square-
shaped GEMM used for inference, achieving a higher compute
utilization as illustrated in Figures 2(a) and 2(b). Second, we
apply an asymmetric quantization strategy with Post-Training

TAll KVs must be stored, so the batch size (the M dimension) is kept
lower than the hidden size (K). While various offloading techniques are
available [5], they complicate system-level trade-offs and tend to make the
system more memory I/O-bound.

264 x 64 square-shaped systolic array and 8x512 flattened systolic array.
Data derived from 144 GB HBM capacity and 512 GB/s memory bandwidth.
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(a) PLENA achieves
higher utilization than
the standard square
systolic array with the
same resources.

(b) PLENA’s optimization pathways—(1) a
flattened systolic array and (2) asymmetric
quantization—together achieve improved ef-
fective memory bandwidth utilization and
help reduce memory capacity limitations.

Fig. 2: A comparison of attainable FLOPs between a square-
shaped systolic array (e.g. in a TPU) and PLENA’s when using
the same number of multipliers?.

Quantization (PTQ) optimizations (Pathway 2), where Weights
(W) / Activations (A) / KV Cache (KV) can be set to different
precisions to alleviate both memory bandwidth and capacity
walls. With more aggressive quantization, we free up more
space in HBM for data scaling (e.g. supporting larger batch
sizes). Figure 2 shows how these pathways together can
increase the utilization compared to the conventional square-
shaped GEMM hardware without any optimization. Finally,
as Figure 1(b) shows that attention dominates the compute
at longer context lengths, we design PLENA’s custom ISA
and novel architecture to effectively support FlashAttention
(Pathway 3)—an IO-aware, fused attention algorithm that
substantially reduces off-chip memory traffic [13]. This re-
duces the likelihood of attention operations saturating memory
bandwidth, thereby diminishing the wall’s effect.

Together, these optimization pathways yield significantly
higher utilization than conventional square-shaped systolic-
array accelerators. The main contributions are as follows:

o We analytically characterize the bandwidth and capacity
memory walls in agentic LLM inference and show that
existing systolic-array accelerators are normally heavily
under-utilized when running agentic workloads.

o We introduce three optimization pathways that jointly ad-
dress the under-utilization caused by memory walls: (i) a
flattened systolic array architecture; (ii)) an asymmetric
quantization scheme, coupled with an in-depth exploration
of micro-scaling arithmetic’s compatibility with optimiza-
tion techniques such as rotation and norm-guided iterative
optimization; and (iii) a native support for FlashAttention.
Together, these enable a holistic approach that addresses
both bandwidth and capacity limitations by integrating
hardware-level and algorithmic optimizations.

« We present PLENA, a complete hardware—software system
that realizes the above optimizations. PLENA integrates:
(i) a custom instruction set (PLENA_ISA) for large Trans-
former inference; (ii) a PyTorch-to-PLENA_ISA compiler;
(iii) an HBM-enabled transactional emulator; (iv) an au-
tomated, accuracy-aware design-space exploration (DSE)
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Fig. 3: Illustration of the configurable MX data format design,
parameterized with tunable configs. Each block of elements
shares a power-of-two scaling factor.

flow; and (v) a full RTL implementation. We demonstrate
that PLENA supports different SOTA transformer model
variants (e.g. GQA and MLA [42], Dense and MoE [6]). We
also show that PLENA achieves superior efficiency for agen-
tic LLM inference. Under identical multiplier counts and
memory configurations during LLaMA agentic inference,
PLENA delivers up to 2.23x and 4.70x higher throughput
than the A100 GPU and TPU v6e, respectively, and up to
4.04x higher energy efficiency (Token / J) than the A100.
The entire PLENA system is publicly available®.

II. BACKGROUND AND RELATED WORK
A. Microscaling Data Formats

The concept of block data representation was introduced
to collectively represent groups of values using shared scal-
ing factors [14]. Building on this idea, Rouhani et al. [54]
proposed the Microscaling (MX) data format as a specific
variant of block data formats, where each block of elements
shares a common scale encoded in an ESMO power-of-two
format. MX formats have since been standardized by the Open
Compute Project [52]. Recent extensions explore multi-level
scaling, where scaling factors are applied hierarchically across
granularities. MicroScopiQ [50] adopts a two-level scaling
scheme with coarse block-level and finer micro-block-level
scales, while NVFP4 [1] employs a similar hierarchy, using
a tensor-level ESM23 scale and block-level E4M3 scale. To
balance hardware complexity and software performance, we
adopt a single-level scaling scheme in our configurable MX
data format, with tunable parameters (M, E, S, B) for MXFP
and (M, S, B) for MXINT, illustrated in Figure 3.

B. Co-designing PTQ with Microscaling Data Formats

Existing off-the-shelf Post-Training Quantization (PTQ)
methods are well-studied for integer data formats [7], [19].
However, we find that these methods are less explored—and
in some cases, not directly applicable—to the MX data format.

GPTQ [19] was originally developed for integer quantiza-
tion. We explore its adaptation to our parameterized MX data
formats and propose a variant method that better adapts it to
the MX format. Details are deferred to Section I'V-B. Rotation-
based PTQ methods are among the most effective techniques
for mitigating activation outliers. QuaRot [7] demonstrated that
the application of the Hadamard transformation can effectively
suppress such outliers. However, we empirically experimented
and found that without careful treatment, the direct application
of these methods can lead to significant model performance

3https://github.com/AICrossSim/PLENA

degradation for MX data formats. Details are deferred to Sec-
tion IV-C.

C. FlashAttention

FlashAttention optimizes memory I/O in the standard at-
tention layer [13]. In a standard attention layer, computing
QKT produces a prohibitively large square matrix, often
thousands by thousands in size. Because on-chip memory
cannot hold this intermediate result, it must be written to off-
chip memory and later reloaded for the subsequent softmax
and PV steps, which significantly degrades performance.
FlashAttention avoids this round trip by tiling and fusing the
attention computation (GEMM-Softmax—-GEMM) so that all
intermediate results fit on-chip.

Most existing systolic-array—based accelerators do not na-
tively support FlashAttention. SystolicAttention [39] was
among the first to integrate FlashAttention into a systolic
architecture. In contrast, PLENA adopts a more flexible ap-
proach, enabling aggressive memory prefetching overlap and
leveraging a mixed-precision supported flattened systolic array
with head-level decomposition to achieve higher compute
utilization and efficiency.

D. Accelerators and Their Quantization Supports

Recent LLM accelerators [22], [25], [27], [30], [32], [37],
[49], [50], [72] explore diverse architectural trade-offs across
compute organization, kernel specialization, and system inte-
gration. However, many of these designs focus on accelerating
specific kernels (e.g. GEMM or attention) rather than support-
ing the full Transformer inference pipeline, often requiring
offloading of unsupported operations to external processors.
Such partial coverage can introduce additional data movement
and limit sustained utilization under long-context inference
workloads. PLENA instead targets full Transformer inference
directly on the accelerator fabric.

Prior works have also explored hardware and quantization
co-design [25], [27], [30], [50], [70]. MicroScopiQ [50] adopts
GPTQ for two-level MX quantization. ANT and MANT [27],
[30] propose hybrid data formats that adapt the quantization
mode to input distributions at run time. OliVe [25] handles
outliers by pairing them with adjacent low-magnitude weights.
However, these works mostly focus on weight and activation
quantization, without jointly addressing KV cache quantization
under long-context inference scenarios. PLENA, by contrast,
is the first to natively support tunable MX formats with both
hardware-friendly QuaRot [7] and GPTQ [19] while targeting
long-context workloads natively.

Prior work, such as SCALE-Sim [56], supports the simu-
lation of flattened systolic arrays for DNN inference, while
SARA [55] explores reconfigurable array shapes to optimize
DNN workloads. However, these approaches do not explicitly
consider the characteristics of autoregressive Transformer in-
ference. PLENA instead adopts a workload-driven design that
reshapes the systolic organization to address the imbalance
between FlashAttention and FFN computation under memory-
constrained batching, as discussed in Section I1I-B.
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Fig. 4: PLENA accelerator architecture overview. Execution is controlled by the decoder’s system-pipeline controller, which
derives control signals from decoded instructions and monitors memory dependencies. For example, when reading from a
Vector SRAM row that is still being updated by the vector or matrix unit, the controller inserts a stall to ensure correctness.

III. PLENA HARDWARE SYSTEM

The overall configuration of PLENA is shown in Figure 4.
It employs instruction-level pipelining and mainly consists of
three compute units: the Matrix Unit, the Vector Unit, and
the Scalar Unit. All units are highly configurable, supporting
multiple data types and precisions (Table III), enabling the ap-
plication of different quantization methods to the accelerator.

PLENA also includes two main on-chip SRAM blocks. The
Vector SRAM acts as a scratchpad for computation, storing
frequently used data such as activations, which do not need
to be written back to HBM, thereby reducing memory access
overhead. The custom Matrix SRAM is dedicated to loading
weights and KV tensors and supports reading data in either
transposed or untransposed access patterns with minimal extra
resource cost and access overhead.

A. Asymmetric Arithmetic Data Path

To support asymmetric quantization strategies, PLENA na-
tively supports multiple numeric formats—covering different
data types and precisions—across its compute and memory
units. This innovative asymmetric data-handling configuration
has the following characteristics.

(i) Activations are stored in a high-precision floating-point
(FP) format on-chip in the Vector SRAM, as they are more
sensitive to quantization errors than KV or weights. (ii) KV
and weights, being less accuracy-sensitive, can be more ag-
gressively quantized and staged in the Matrix SRAM using
lower-precision MX formats (MXFP or MXINT). (iii) An
optional on-chip rotation step can suppress outliers before
quantization to preserve accuracy.

Furthermore, when appending new K and V vectors to the
KV cache in HBM during attention, we selectively apply a
Hadamard-based rotation (algorithm detailed in Section IV-C)
to suppress outliers before quantizing them to the MX data
type and storing them in HBM. Since K and V are consumed

exclusively by the attention GEMMs, they are loaded directly
into the Matrix SRAM, where the inverse Hadamard transform
is applied before use. These rotation/de-rotation stages can be
selectively applied per tensor; for example, weights loaded into
the matrix unit bypass the inverse transform.

B. Flattened Systolic Array

As shown in Figure 2(b), long-context workloads frequently
involve fat GEMMs during feed-forward (FFN) computation,
where the batch-related dimension (typically M in (M, K) x
(K, N)) is much smaller than the others, resulting in uneven
matrix shapes (Figure 5), while the reduction dimensions
K tend to be very long, for example, the weight—activation
GEMM reduces over the model’s hidden size (e.g. 4,096 for
LLAMA-3-8B and 8,192 for LLAMA-3-70B).

Additionally, in the FlashAttention stage, per-head fat
GEMMs operations are required. The head dimension is typ-
ically small (e.g. 128 for LLAMA-3-70B), and the Grouped
Query Attention (GQA) paradigm requires each key head
to be multiplied by multiple query heads simultaneously.
This results in low utilization of large-scale systolic arrays
when performing per-head GEMMs in FlashAttention, as the
computation dimension becomes relatively small.

To improve hardware efficiency in the two most com-
putationally intensive layers, we propose a flattened sys-
tolic array architecture that achieves high utilization for
both. For the FFN layer, each processing unit performs a
(BLEN,MLEN) x (MLEN, BLEN) GEMM, producing an output
of shape (BLEN, BLEN). For the FlashAttention module, the
systolic array is partitioned into multiple smaller flattened
array cores to support per-head GEMM computations, where
each core performs a (BLEN, HLEN) X (HLEN, BLEN) GEMM
across (MLEN/HLEN) heads in parallel.

This flattened systolic array is designed for the output-
stationary dataflow in order to maintain a high utilization. As
shown in Figure 5, operands stream along the large reduction
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Fig. 6: At each cycle, the flattened systolic array fetches two
MLEN-wide inputs: one from the Matrix SRAM (top) and
one from the Vector SRAM (left). The inputs are buffered
and reordered, then partitioned into MLEN/BLEN subvectors,
each of width BLEN. Each subvector is forwarded to a
corresponding sub-array from the top and left directions. The
scales and elements are streamed separately to each subarray.
For improved resource efficiency, each PE consumes MX-
format inputs and performs accumulation in INT precision.
The accumulated results are converted to the target activation
precision before being written back to the Vector SRAM.

dimension K while partial sums remain stationary in the PEs.
The array is then fully pipelined, eliminating idling bubbles
between consecutive GEMM tiles. The microarchitecture of
the flattened systolic array is shown in Figure 6. It is built
from a series of small square-shaped systolic arrays (sub-arrs),
each consisting of a grid of processing elements (PEs). Each
PE repeatedly performs multiply—accumulate operations and
passes data to its neighboring PEs below and to the right across
the array. As described in Section III-A, the systolic array is
designed to natively accept data in the MX format.

However, a matrix unit composed solely of sub-arrs is
insufficient to complete a (BLEN,MLEN) X (MLEN, BLEN)
GEMM. Each array accumulates only partial sums for a
fragment of the result; producing a complete (BLEN, BLEN)
output requires a cross-array reduction that sums the partial

Matrix SRAM

Heterogenous MX Data Adaptive
Layout in HBM MX Memory| Element Blocks
(MES.B)=(4,3,8,4) Interface
Connect to
e Kept in » Flattened
T T MX Systolic
Scale 1 T format Array
(ME.S.B)=(3,0.8,8)
Convert
MXINT Block 2 o FP16
FP16 Vector SRAM
l—p Connect
Scale 2 H .
i H lg— to Ve‘_,lor
OTTTTTTTTTTITTTT] Unit

Fig. 7: Data layouts and data paths for the memory system.
Data with different MX precisions and datatypes are stored
following a unified HBM storage pattern. A conversion to
FP16 is performed as the data enter the Vector SRAM, which
serves as the scratchpad for the vector unit; the vector unit
operates in high-precision FP16. For the Matrix SRAM, MX-
formatted data loaded from HBM can be stored directly
without additional conversion.

sums held in the PEs across the tiled row. To address this,
we integrate a result adder tree (see Figure 6) that performs
the cross-array summation efficiently. This unit is invoked
via a dedicated instruction M_SUM, as only one cross-array
summation is required when computing GEMM along the
large reduction dimension. This prevents bubbles and improves
computational efficiency.

C. Asymmetric Memory Balancing

Our memory system is characterized by two key properties:
1) Support for asymmetric precisions, variable-length memory
transfers, and strided loads/stores to HBM; and 2) Latency
hiding for HBM accesses via a memory load unit that operates
in parallel with the main execution.

To make more effective use of HBM capacity, as discussed
in Section III-A, all data stored in HBM is kept in the MX
format. Since concatenating each data block with its per-
block scale would rarely yield a combined size that aligns
with a power-of-two memory boundary, we instead store
the blocks and their corresponding scales for each tensor
separately to ensure that both are properly aligned with the
memory boundary. This layout improves memory efficiency
while maintaining data locality, as illustrated in Figure 7.

The memory load unit is critical for fully utilizing HBM
bandwidth. Hardware prefetch engines are integrated into both
the Matrix and Vector SRAMs, enabling background fetching
from HBM and streaming data into each SRAM while the
rest of PLENA continues executing other instructions. This
sustains full utilization of the compute unit and avoids stalls
due to HBM latency.

D. PLENA ISA

Our customized ISA (Table I) is designed to cover all
operations required for transformer inference. Each instruction
(32 bits) is structured to balance efficiency and flexibility,
enabling support for multiple transformer-based models and



TABLE I: An overview of the PLENA ISA.

Types Descriptions # Instr.

Matrix(M) C(.)ntrols GEMM an.d GEMV .Qperatlons, 12
with or without matrix transposition

Vector(V) Performs eleme.ntwme and rc.edu?tlon opera- 12
tions, and rotation for quantization

Scalar(S) Performs scalar INT and FP arithmetic 17
Handles data transfers between HBM and

HBM(H) the Matrix/Vector SRAMs 3
Defines operation settings such as the

Control(C) HBM address, nested-loop configuration, 8

and other execution parameters

PLENA ISA Assembly Code
H LOAD M Prefetch K to Matrix SRAM

Attention Algorithm (Decode)

Q € ]Rlxd KVe ]Rkvisizexd
A M HTMM Transposed Per head GEMM

S= QKT, Se Rlxkv,size

Vector Operations

P = softmax(S),P € RIka*Size_-E’V_SUM.., Computing Softmax

_ H LOAD M Prefetch V to Matrix SRAM
i MMM GEMM

0 =PV,0 € R*

Fig. 8: Example of how the single batch single head attention
algorithm maps onto PLENA’s custom ISA. Instruction pre-
fixes denote the unit type (e.g., M_ for Matrix instructions).

computation optimizations. In addition to FlashAttention, the
ISA supports various transformer variants, including MHA,
MLA [42], and MoE [6].

To achieve the efficiency and flexibility balance, the ISA is
designed to minimize overhead while maximizing utilization
of compute and memory resources. This is achieved through
features such as tile-level scheduling, which enables fine-
grained control of computation and memory instructions at
the tile granularity.

E. Matrix SRAM

The matrix SRAM is designed to support both transposed
and non-transposed accesses without additional latency or
data movement overhead. This design specifically targets
optimizing the transposed matrix multiplication (QK ") in
FlashAttention (see Figure 8) with low hardware overhead.

In autoregressive inference, explicitly transposing large tiles
during the (QK ") computation introduces significant area,
energy, and latency overhead. Storing (K ') directly in HBM
is also impractical, as newly generated K vectors must be
appended to the KV cache during decoding. Consequently,
transposition must be performed on the fly, motivating an
SRAM organization that supports both row and column access
efficiently without explicit data rearrangement.

As shown in Figure 9, the matrix SRAM distributes each
logical row across multiple sub-SRAM banks, storing elements
of the same row in different banks at distinct addresses. This
layout ensures that row and column accesses map to separate
banks, allowing transposed and non-transposed accesses to
proceed in parallel without bank conflicts, thereby preserving
bandwidth and avoiding explicit data movement.

Untransposed Matrix SRAM Transposed Matrix SRAM
550 570 0
7.6,5,4 6 | 7.6,5,4 6|
BA98|i[9]|[8]B] B.A9g| [9][8][B]
F,E,D,C [D][c] F,E,D,C [D][c][F]

Fig. 9: The transposable matrix SRAM design ensures that, for
both untransposed and transposed accesses, each sub-SRAM
is accessed by at most one element per cycle. As a result, no
additional access cycles are introduced.

We evaluate the proposed design against a conventional
transpose-buffer-plus-SRAM baseline with the same read
width and memory depth of 32. Using the synthesis tools
in Section V-A, our design reduces area by 65.17% while
preserving read throughput. It also requires only two cycles
for a transpose read—one for sub-SRAM access and one for
data reorganization—whereas the baseline must read across 32
rows to produce the transposed output.

F. Supporting FlashAttention

Most existing systolic-array—based accelerators do not na-
tively support FlashAttention due to these four key elements:
1) They do not support tile-level overlapping of off-chip
memory prefetching with computation, resulting in ad-
ditional latency overhead as execution must wait for data

to be loaded from off-chip memory.

2) They lack memory-layout support, such as transpose-on-
read and efficient strided/blocked streaming.

3) They expose only GEMM primitives and lack in-line,
row-wise reductions and nonlinear operations (max/sum,
exp, div) required for the online softmax.

4) Their ISAs enforce fixed scheduling and coarse-grained
kernel boundaries, which restrict fine-grained tile-by-tile
execution and prevent the fused computation pattern.

In PLENA, we address (1) and (2) through the proposed Ma-
trix SRAM (see Section III-E), which enables instruction-level
control of memory prefetching and supports transpose-on-
read with low overhead. Challenge (3) is addressed by vector
and scalar units that implement reductions and element-wise
operations. The vector width (VLEN) is configurable to match
the tile dimensions used by FlashAttention. The computation
precision is also configurable, but is typically set to higher
precision (e.g. FP12) to preserve numerical accuracy during
the softmax computation. For (4), our custom ISA provides
composable, fine-grained control, enabling persistent, tile-by-
tile scheduling of the fused attention pipeline. This allows
each stage of FlashAttention to be orchestrated individually
at tile granularity. Together, these mechanisms enable PLENA
to support FlashAttention natively and efficiently.

G. The PLENA Compilation and Simulation Stack

PLENA provides a comprehensive design and evaluation
framework that can rapidly adapt to new models or new
hardware accelerators and optimize for them (Figure 10).

Since Transformer computations are highly repetitive and
structurally uniform, the PLENA compiler is intentionally
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Fig. 10: The co-design framework consists of hierarchical
layers (actual hardware, transactional emulator, and analytic
simulator) with different fidelities. The transaction-level sim-
ulator offers good fidelity (cycle-accurate) while achieving an
over 200x speedup compared to RTL simulation.

kept lightweight: it parses configuration metadata from the
model configuration file and maps it onto a predefined PLENA
custom ISA assembly template.

To evaluate architectural trade-offs, we developed a
transaction-level (cycle-approximate) emulator in Rust that
executes the generated machine code in an event-driven
manner. The emulator models compute execution, instruction
scheduling, and memory transactions at cycle granularity. It is
integrated with Ramulator [41] and DRAMSys [59] to provide
detailed off-chip memory timing and bandwidth modeling, in-
cluding bank-level behavior. This enables quantitative analysis
of memory—compute interaction, which is critical in analysing
memory walls in long-context LLM inference.

The emulator supports the full PLENA architectural de-
sign space, including asymmetric mixed-precision arithmetic
(Section III-A). By bridging analytic modeling and RTL
simulation, it enables accurate evaluation of architectural
mechanisms—such as flattened systolic mapping and on-
chip FlashAttention—while remaining significantly faster than
RTL simulation. We validated the simulator against our full
RTL implementation: it closely matches the RTL synthesis
results in both execution latency and numerical accuracy while
delivering roughly a 200x speedup, as shown in Table II.

IV. QUANTIZATION

Our work is closely related to prior studies that use the
microscaling data format [50], [53]. Nonetheless, we highlight
in our work that while existing SoTA PTQ optimizations,
such as rotation [7] and norm-guided optimization [19], are
beneficial for integer quantization, they do not align well with

TABLE II: Average error rates across five trials for different
simulation levels, compared with RTL and synthesis results
for a single Transformer block of the LLAMA-3-70B model.

Evaluator / Model Latency Area Power Exe Time
Analytic Simulator 11.32% 4.79%  23.81% 8ms
Transaction Emulator 4.17% not supp not supp  4.3mins

RTL Sim. / Synth. ref ref ref 14hrs

the microscaling format. We identify these caveats for applying
PTQ optimization techniques to microscaling arithmetics:

1) For weight quantization, MXFP is generally incompati-
ble with these PTQ optimizations. MXINT demonstrates
compatibility, but naively applying it leads to degradation.
We introduce a novel block-wise clipping optimization
that naturally complements block-based arithmetic like
MXINT (Section IV-B).

2) For activation quantization, rotation schemes such as
QuaRot, when naively applied, lead to performance
degradation for both MXINT and MXFP. A performance
boost is realized only when they are selectively applied
to activations (Section IV-C).

In summary, we point out that MXINT with PTQ opti-
mization is the de facto approach for weight quantization.
Meanwhile, activation quantization can utilize MXINT or
MXFP, but rotation should be applied only selectively. The
rest of the section elaborates on these optimization strategies
and the root causes of incompatibilities, with Section IV-D
detailing the integration of these quantizations into the PLENA
system to facilitate a software-hardware co-design.

A. Preliminaries

We start by formalizing MX quantization under a single-
level scaling scheme using three elements: the MX data format
(1), the scale factor (s), and the zero point (z). The MX data
format is defined by a tuple 7 = (d, b, B), where d denotes
the datatype, b is its bit-width, and B is the microscaling
block size. For example, 7 = (INT,4,16) corresponds to
an MXINT4 format with block size B = 16, while 7 =
(minifloat,4,16) corresponds to an MXFP4 format with
the same block size. In both cases, all values within a block
share a single block-wise scale factor s and zero point z.

For any data format 7, the set of representable values is
bounded to a finite interval, which we denote as

Q(T)—{m€R|{2}g)1§x§I&%(}. (1)

The representable range [min,, max,] of integer MX for-

mats (i.e. d = INT) is given by

min = — (2071 — 1),
T T

20—1 _ 1. )

We partition a high-precision tensor W into blocks w € R?
of size B. For each block w, the scaling factor is

_ max |w]

3)

max,



The zero-point z shifts the range for alignment; we adopt
symmetric quantization (z = 0) throughout and omit it from
subsequent expressions. Quantization then maps w into the
target format w, as

w, = clip (RTN(%) ; min, mgx) , 4)

where RTN(-) denotes round-to-nearest projection. The corre-
sponding dequantization operator reconstructs an approxima-
tion of the original block

Q(w; 5,7) = s wy. ®)

B. Optimizing Microscaling Clipping for Weight Quantization

Existing microscaling arithmetic implementations utilize a
static clipping strategy, typically using a fixed value as a clip-
ping threshold for each block (see Equation (3)). However, an
advantage of employing smaller blocks is the opportunity for
more granular control over numerical values. Consequently,
we introduce microscaling block-wise clipping, a technique
that provides a conscious balancing between the clipping
overflow error and the underflow errors for inliers.

For the same sliced block w expressed in format T,
with representable range [min,, max,| and empirical range
[min,,, max,,|, we introduce a clipping parameter p € P C
[0.5, 0.99]. This parameter shrinks the effective range to
[pmin,,, pmax,].

By sweeping over a discrete set P, we can obtain optimal
clipping p* for a given block

. 2
p* = argmin [|w — Q(w; p, 7|3 - (6)
pEP
Here || - ||3 denotes the squared Euclidean norm.

Clipping the empirical range introduces a trade-off between
the clipping error and the underflow error. This issue is
particularly critical for microscaling-based arithmetic, as the
block size is relatively small compared to tensor dimensions.
Making an optimal selection of clipping ranges can signifi-
cantly influence performance; in our experiments, optimized
clipping improved perplexity by 5.5% on LLAMA-3-8B in 4-
bits weights only quantization setting.

Here, we integrate our clipping optimization directly into
GPTQ’s iterative error propagation flow, and introduce a new
output-norm guided blockwise clipping search that minimizes
the quantization error of the output block rather than the
weight block. Formally, let X € RMXK pe the inputs, and
W € RVXK be the weights. Given a linear layer Y = XW T,
we slice the weights across the K dimension with block size
B (e.g. MLEN in an MX data format 7), yielding block
slices W;, € RV*B to be quantized, and similarly we can
have activations across the K dimension X, € RM*B et
‘P denote the set of admissible clipping percentiles, and let
Q(+; P, T) denote per-row quantization in data format 7, where
P = (pi1,...,pn) € PV is a collection of row-wise clipping
percentiles, our optimization uses an outer loop optimization

with the hessian information Hp to iteratively calibrate the
weight value (W,+ = dF, adapted from GPTQ)

—1
op = *(Wb - Q(Wy; Pb*,T)) ([Hﬁl]bb) (HzY.0,
(7)
where Hr = 2X FX;. This is combined with a novel inner
loop optimization, which is output-norm guided

2

L)

2

P} = arg min
N

i Xs (Wb — Q(Wy; Pb,T)>T

C. Selectively Rotated Microscaling Data Formats for Activa-
tion and KV Quantization

Rotation-based optimization, such as QuaRot [7], tries to
smooth the numerical outlier by introducing a rotation ma-
trix, where X, W, H represent the activation, weight, and
Hadamard matrix, respectively

Surprisingly, we notice that applying the rotation to finer-
grained weight quantization (e.g. MXINT with small block
sizes) actually increases perplexity. Intuitively, weights have
smaller dynamic ranges compared to activations. The rotation
may be unnecessary since most weight outliers are already
captured by the shared exponents.

We then propose a selective rotation strategy for activation
quantization

S = arg ?el}\I/II S;/I Appl(l:ot)»
(X) = Q(XH)-H ' Q(W).

(10)
l:ot

Now S is a set composed of layers from M, and A, (I%,,)
reflects the performance improvement due to rotation for
each layer [. The objective is to minimize the sum of the
performance loss across all layers in M to select the subset
to be included in S. Another critical difference is that when
such rotation is applied to activations, we have to apply a
multiplication with H~! at run-time, and PLENA provides a
native hardware support for this operation.

D. Asymmetric Quantization and Hardware Co-Design

As discussed earlier, MXINT is the de facto quantization
for weights, whereas we now expose a search space for
using either MXINT or MXFP for Section IV-C. Also, we
have to consider various precision setups and hardware design
parameters (e.g. tile sizes, load/write sizes). We established a
co-design framework to conduct such explorations supported
by PLENA’s multi-fidelity simulators, as shown in Figure 10.
Our co-design can run at different fidilities as illustrated in
Figure 10, but we choose to run at the transactional-level,
unless specified otherwise, for both reasonable speed and
good fidelity. Table III shows the search space and its related
constraints. Our search space considers a range of arithmetic
types for A/KV, including MXINT and MXFP, as well as
different precision configurations. The result can provide an



asymmetrically quantized PLENA accelerator design upon
completion of the search.

To automate finding the optimal hardware design and quan-
tization parameters, we propose to employ active learning for
design space exploration (DSE). We also provide the capability
for investigating the trade-offs between optimizing different
objectives. For this, we employ multi-objective Bayesian opti-
mization (BO) in BOTorch, which allows exploring the Pareto
frontier in an active manner. In our case, the objective func-
tion has three components: accuracy, latency, and chip area:
f = [faccuracy(')7flatency(')vfarea(')] The exploraﬁon method
also accounts for constraints by applying rejection sampling to
discard invalid or infeasible candidates. This avoids unneces-
sary, costly objective evaluations and accelerates convergence
of the search. We first conduct experiments on LLAMA3.2-1B
to enable rapid iteration, and then extend our evaluation to
LLAMA-3-8B. The results are described in Section IV-D.

TABLE III: Selected hardware and quantization parameter co-
design search space. Example constraints include: (1) memory
bandwidth constraint MLEN - KV_WIDTH < MemBandwidth;
(2) MLEN mod BLEN = 0; (3) MLEN > HLEN > BLEN.

Parameter Description Search Range
BLEN Tile size of block unit 2, 4, ..., 64]
MLEN Tile size of Matrix Unit [2, 4, ..., 1024]
VLEN Tile size of Vector Unit [2, 4, ..., 1024]

M_LOAD Matrix SRAM load amount from HBM

(num of matrices loaded per instruct) [2, 4, ..., 256]
V_LOAD Vector SRAM load amount from HBM

(num of vectors loaded per iteration) 2, 4, ..., 256]
V_WRITE Vector SRAM write amount to HBM

(num of vectors written per iteration) [2, 4, ..., 256]

ACT_WIDTH Activation precision MXINTT, MXFPt
KV_WIDTH Key/Value precision MXINTT, MXFPf
FP_SETTING Floating-point precision Fpt

V. EVALUATION
A. Experiment Setup

a) Models and Datasets: We evaluate our quantization
framework on popular open-source LLMs, namely LLaMA-
2 [62] and LLaMA-3 [44], as well as MoE [6] (e.g. GPT-
0SS) and Qwen3 models [60]. Quantization performance is
measured in terms of perplexity on WikiText-2 [43], zero-
shot accuracy on six downstream tasks through the Im-
evaluation-harness [20], and long-context and agentic work-
loads: code generation (HumanEval [10]), math reasoning
(GSMS8K-Platinum [64]), and tool-use (BFCL-Web Search
Base [48]). All quantization experiments are run on an
NVIDIA B200 GPU 180GB, with PyTorch 2.11.0, CUDA
12.8, Transformers 5.5.0, and Im-evaluation-harness 0.4.11.

The hardware experiments are conducted using token usage
traces from standard and agentic benchmarks, evaluated with
LLAMA-3.3-70B, as shown in Table IV.

b) Quantization Baselines: We compare against several
SoTA quantization methods, including software-based ap-
proaches targeting GPUs such as GPTQ [19], OmniQuant [58],
and QuaRoT [7], as well as approaches used on hardware
accelerators such as Atom [75] and MicroscopiQ [50].

TABLE IV: Token usage (prefill/output) across benchmarks:
GSMSEK [73], BFCL-Web Search Base (BFCL-W) [48], OS-
World LibreOffice (OSWorld-L) [69].

GSM8K BFCL-W OSWorld-L

1.4k 114k 90k
0.2k Sk 8k

Prefill (Tokens)
Output (Tokens)

¢) Accelerator Implementation: PLENA is implemented
in SystemVerilog RTL. We perform synthesis using the Syn-
opsys Design Compiler with the 7nm OpenROAD predictive
PDK [12]. This helps us to generate area and power estimates
at a 1 GHz clock frequency.

d) Accelerator Baselines: Since our baselines, Mi-
croscopiQ [50], FIGNA [32], SystolicAttention [39] and
Olive [25], are either not fully open-sourced or cannot be
evaluated under a consistent technology node and toolchain,
we re-implemented their core components and integrated them
into the PLENA system for a fair inference performance
comparison. Additionally, DeepScale [57] is used for overall
system performance estimation, scaling all designs to the
7nm process. Detailed area and power of the core units are
evaluated using our own implementations.

e) Inference Process: Instead of comparing only with
prior accelerator designs, we also evaluate PLENA against
high-performance commercial compute platforms, including
GPUs (A100 80GB and H100 80GB) and TPUs (v6e-8), to
provide a fair and practical comparison. The GPU experi-
ments are conducted in an environment with Ubuntu 22.04,
CUDA 12.8, Python 3.11, PyTorch 2.8.0, and vLLM 0.10 V1.
The TPU experiments are conducted in an environment with
v2-alpha-tpuv6e software.

B. Balancing Area, Latency and Perplexity via Co-design

This section shows the results of our design-space explo-
ration experiments. Figure 11 shows the Empirical Attainment
Surfaces (EAS) for the Pareto fronts found when optimizing
with LLAMA3.2-1B and LLAMA-3-8B. EAS is a visualiza-
tion approach well-suited for conveying the uncertainty of
the Pareto fronts from multiple runs with different random
seeds [18], [34]. Existing tools support visual analysis for two
objectives [66], hence we plot EAS for accuracy and latency
first. Figure 11 shows that active learning with BoTorch
sampler achieves a significantly better tradeoff between la-
tency and perplexity than naive randomized sampling. Tree-
Structured Parzen Estimator (TPE) shows more modest gains
when optimizing with LLAMA3.2-1B compared to using the
BoTorch sampler, thus we focus on the latter for experiments
with LLAMA-3-8B.

In Table V, we show our co-design results generated from
multi-objective optimization runs. These runs can yield de-
signs featuring various trade-offs along the Pareto frontier,
with some naturally incorporating multi-precision and multi-
arithmetic elements. The PLENA system facilitates such ex-
ploration, thanks to its comprehensive simulation and RTL
support for these arithmetic types and precision levels.



TABLE V: Multi-objective search results for configurations from a BoTorch run on LLAMA-3-8B. We showcase four
representative design points on the Pareto frontier with different perplexity (|), latency (seconds ), area (um? |) trade-
offs. The complete empirical attainment surfaces of the multi-objective search are in Figure 11. Best results are highlighted.

Parameters Metrics
BLEN MLEN VLEN M_LOAD V_LOAD V_WRITE ACT_WIDTH KV_WIDTH FP_SETTING Perplexity | Lat(s)] Area (mm?) |
32 512 128 128 64 256 MXFP_E4M3 MXFP_E3M4 FP_E4M7 6.70 0.137 137.6
32 1024 1024 256 256 128 MXINT_8 MXINT_4 FP_E3M2 6.76 0.116 203.4
8 128 32 128 8 256 MXFP_E3M4 MXFP_E3M4 FP_E5M6 6.54 0.166 26.45
16 128 16 4 16 64 MXINT_8 MXFP_E4M3 FP_E3M2 6.60 0.174 23.64
" o P TABLE VI: WikiText-2 perplexity (|) under GEMM-only em-
i --- Random | -~ Random ulation (nonlinear ops in full precision) for LLAMA. W/A/KV
8 ! —— BoTorch 8+ 8+ 1 —— BoTorch . . . . .
ﬁ i 1 denote bit widths for weights, activations, and KV cache.
26 i 6 6 ] o
g i 1B 3 8B Results marked with * are reproduced from released code.
= 4 ' 4 4 i
NEE N NN LLaMA-2 [62] LLaMA-3 [44]
oL , oL I . | ] Method W/A/KKV 7B 13B 70B 8B 70B
10 15 20 10 15 20 10 15 20
Perplexity Perplexity Perplexity Baseline 16/16/16 5.47 4.83 3.31 6.13 2.85
. ) .. . GPTQ [19] 4/16/16 623 558 4.8 8.12 3.75
Fig. 11'. Emplrlc‘al Attalnment Surfaces for latency () apd AWQ [38] 416/16 582 519 408 796 358
perplexity () objectives across multiple seeds, evaluated with OmniQuant [58] 4/16/16 574 502 347 709 346
) 2 e MicroScopiQ [50] ~ 4/16/16 565 502 342 689 3.5
LLAMA.3.2 1B and LLAMA-3-8B over the co-design .space QuaRot [7] 41616 560 500 341  652* 353+
shown in Table III. For the 1B model, we run 9 seeds with 50 PLENA (MXFP)  4/16/16  7.09 591 - 11.95 -
trials, comparing BoTorch and TPE methods against Random _PLENA (ours) 416/16 559 498 340 645 325
sampling. For the 8B model, we run 5 seeds with 50 trials, OmniQuant [58] 4/4/16 1147 832 541 1021 530
. . . SmoothQuant [68]  4/4/16 2047 1563 1762 2954  19.32
comparing BoTorch against Random. Shaded regions show the Atom [75] MH16 616 612 520 812 469
25% and 75% attainment bands across seeds. MicroScopiQ [50] 4/4/16 6.11 557 448 8.12 4.65
QuaRot [7] 4/4/16  6.02* 536* 378  8.00*  6.33*
M-ANT [30] 4/4/16 592 524 - - -
PLENA (MXFP) 4/4/16  15.89  10.30 - 91.71 -
C. Preserving MX Perplexity via Clipping & Rotation PLENA (ours) 4/4/16 58 514 356 6.99 3.87
. .. QuaRot [7] 4/474 6.10 540  3.79 8.16 6.66
a) Main Results: We evaluate our quantization method QuaRot-128G [7] 4/4/4 5.93 5.26 3.61 7.36 551
against related work; results are summarized in Table VI. For PLENA (MXFP) 4/4/4 67.35 27.44 - 256.22 -
PLENA (ours) 4/4/4 587 518 358 717 4.09

a fair comparison, we first match prior settings by quantizing
only the linear GEMMs in the decoder. Our method matches
and outperforms all related work across all three quanti-
zation precision settings: W4A16KV16, W4A4KV16, and
W4A4KV4. We further report downstream zero-shot results
in Table VIII, where our method outperforms QuaRoT [7]
across all tasks under the W4A4KV4 setting. We also evaluated
the result with the quantized vector cores. We find that quan-
tizing the remaining operators to a MiniFloat E6MS5 format
is effectively lossless in perplexity while reducing memory
footprint by 25% relative to FP16. The key contributions to this
performance improvement come from two aspects: 1) Output-
norm guided blockwise clipping search: by integrating
output-norm guided, blockwise clipping into iterative weight
quantization, we validate that output reconstruction error
correlates strongly with end-task performance; consequently,
our approach substantially reduces perplexity degradation. 2)
Selective rotation: Our approach searches for the best layer-
wise rotation combination for each model. Unlike QuaRoT [7],
which merges rotation into weights, we apply online rotation
only to specific layers.

b) Abalation Study: To further assess the impact of our
key contributions, we conduct an ablation study on LLAMA-
3-8B to validate the effectiveness of 1) output-norm guided

TABLE VII: Ablation study of quantization techniques and
their impact on microscaling data formats in LLAMA-3-8B,
where the full-system setting quantizes all 9 GEMMs. Results
are reported as WikiText-2 perplexity. GPTQ is used for
clipping: Err, denotes output-norm clipping; Err,, denotes
weight-norm clipping.

Method PPL| Method PPL|

Baseline FP16 6.13  ACT and KV Only

Weight Only MXFP4 29.75

MXINT + RTN 6.83 MXINT4 7.24

MXFP + RTN 11.94  MXFP4 + Selective Rotate 14.50

MXINT4 + Rotation 6.98  MXINT4 + Selective Rotate 7.05

MXFP4 + Rotation 13.71  MXINT Full System

MXINT4 + Err,, Clip 6.53 RIN 9.32

MXINT4 + Erry Clip 6.45  Erry Clip 8.41
Erry Clip +Selective Rotation 7.43

blockwise clipping search and 2) selective rotation. The abla-
tion is structured into three stages: (i) weight-only quantization,
(ii) activation & KV-cache quantization on top of quantized
weights, and (iii) full-system emulation where all MX-aware
operators are quantized. We show them in Table VII.

First, MXFP4 always underperforms MXINT4 in all set-



TABLE VIII: Zero-shot downstream task accuracy of LLaMA-
3 models with 4-bit weight, activation, and KV quantization,
evaluated on PIQA (PQ), WinoGrande (WG), HellaSwag (HS),
Arc-Easy (A-e), Arc-Challenge (A-c), and LAMBADA (LA).

Method | PQ WG HS A-e Ac LA | Awg
LLaMA-3-8B
FP16 80.74 7277 79.06 77.82 53.33 75.63 | 73.22
QuaRot [7] 75.14 65.82 7294 68.01 4334 65.81 | 65.18
PLENA (ours) | 76.99 69.85 7591 76.73 48.72 72.39 | 70.10
LLaMA-3-70B
FP16 84.66 80.51 84.89 8586 64.25 79.47 | 79.94
QuaRot 78.07 69.30 77.33 73.44 47.53 69.57 | 69.21
PLENA (ours) | 81.61 77.98 84.12 82.66 58.62 79.24 |77.37

TABLE IX: Evaluation of long-context and agentic workloads
across code generation (HumanEval [10]), mathematical rea-
soning (GSM8K-Platinum [64]), and function-calling (BFCL-
Web Search Base [48]) benchmarks on Qwen3-32B. W/A/KV
denotes bit widths for weights, activations, and KV cache.

Method W/A/KV  HumanEval GSMS8K-PLA BFCL-W
pass@1 1 EM 1t Acc T

Baseline  16/16/16 89.6 97.85 27.0

Ours 4/4/4 84.1 97.85 24.0

tings. Motivated by this, we adopt MXINT as the default
data type for all subsequent evaluations. Second, for weight-
only quantization, we show that rotation generally hurts
performance—this is simply not compatible with microscaling
arithmetic. Furthermore, we demonstrate that our output-norm
guided block-wise clipping (Err,) achieves better performance
compared to weight-error guided block-wise clipping (Err,,).
Third, selective rotation effectively enhances activation and
KV quantization for both MXFP4 and MXINT4. This is dif-
ferent from our observations with weight quantization, where
rotation negatively impacts perplexity. We hypothesize this
arises from the broader numerical range found in activation
and KV values, which benefits from rotation’s ability to temper
the presence of outliers. Finally, our full system results confirm
that both block-wise clipping search and selective activation
rotation improve overall performance.

c) Long-Context and Agentic Workloads: We further val-
idate PLENA’s quantization effectiveness on three workloads
that stress long-context and agentic settings, showing 4-bit
weight, activation, and KV quantization results in Table IX
and additional algorithmic ablations in Table X.

D. Improving Utilization via Flattened Systolic Arrays

The utilization analysis of PLENA’s flattened systolic array
for the FFN and FlashAttention (FA) layers of the LLAMA-
3-8B model is summarized in Figure 13. Results for the
prefilling stage are omitted because both FFN and FA operate
at near-maximum utilization during this phase. For FlashAtten-
tion it is excluded as its computation is independent of batch
size, while FFN is omitted as its importance diminishes with
increasing generated token length.

TABLE X: Ablation study of quantization technigeus on
Qwen3 model across HumanEval, GSM8K-Platinum, and
BFCL-Web Search Base. Err, denotes output-norm clipping.
Qwen3-8B on HumanEval and GSMS8K-Platinum, Qwen3-
32B on BFCL-Web Search Base. Results for HumanEval
and GSMS8K-Platinum use Qwen3-8B; results for BFCL-Web
Search Base use Qwen3-32B, as its higher baseline accuracy
better isolates the effect of quantization.

Configuration HumanEval GSMSK-PLA BFCL-W
pass@1 1 EM 1 Acc T
Baseline (FP16) 84.8 90.9 27
W-only INT4 (RTN) 82.9 88.7 22
+ ACT & KV INT4 72.0 74.4 15
+ GPTQ 73.2 87.7 24
+ Erry, Clip 74.4 88.6 24
+ Selective Rotation 78.7 88.8 24

TABLE XI: Impact of quantization configurations on mem-
ory footprint and bandwidth for LLAMA-3.3-70B under the
OSWorld-L workload (90k prefill, 8k output tokens) in Ta-
ble IV with batch size B = 8. W/A/KV denotes the bit
precision of weights, activations, and KV cache, respectively.

W/A/KV (bits) 16/16/16  4/16/16  4/4/16  4/4/4
Peak Bandwidth (GB/s) 8192 8192 5120 2048
KV Cache Footprint (GB)  239.26 239.26  239.26  59.81
Weight Storage (GB) 129.46 32.36 3236 3236
1.20x [ Power [ Area @@ FFNEnergy [ FA Energy

1.00x

0.80x

Relative Value

0.60x

0.40x

(256,256) (128,512) (64,1024)

Systolic Shape (BLEN, MLEN)

(32,2048)

Fig. 12: Power and area comparison of matrix units with differ-
ent systolic array shapes. Although the flattened systolic array
incurs slightly higher area and power, its higher utilization
leads to significantly lower effective energy consumption for
FFN and attention workloads in the agentic task OSWorld-L.

The DC synthesis results are reported in Table XIII. These
results show that the flattened systolic array achieves higher
compute-resource utilization for both the FFN and FlashAt-
tention layers compared with prior accelerators. Furthermore,
Figure 12 demonstrates that the flattened systolic organization
provides higher energy efficiency, despite some power and area
overhead compared with conventional square arrays.

The overall ablation study of the systolic-array optimiza-
tions is presented in Figure 14. The results show that the
flattened systolic array, combined with native FlashAttention
support, significantly reduces the execution time of both
attention and FFN components across the prefill and decode
phases, particularly for long-context inference.

E. System Performance Analysis

The system-level performance comparison is shown in Ta-
ble XII, evaluating both small and large GQA-based LLaMA
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of multiple attention heads, and is particularly efficient for long-context inference with smaller effective batch sizes.
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Fig. 14: This figure shows the timing performance breakdown of PLENA across the prefill and decode stages for the LLAMA-
3.3-70B model with a batch size of 16. The breakdown includes compute active time (Comp), memory active time (Mem),
systolic array (SA) utilization, and memory bandwidth utilization across the overall inference flow. With on-chip FlashAttention
support, large intermediate activations are retained on-chip rather than written to off-chip memory, substantially reducing
memory traffic, while memory prefetching hides most data-access latency. In addition, the flattened systolic array configuration
maintains high utilization across both prefill and decode stages. For attention workloads, the flattened array achieves high
compute and memory utilization by enabling parallel multi-head execution and head preloading.

models as well as the MoE-based GPT-OSS model and
Qwen3-32B and supporting long-context inputs. The perfor-
mance results for PLENA and MicroScopiQ are obtained using
our analytic simulator. For fairness, we conduct a system-
level comparison against a 4 x A100 SXM GPU system (80 GB
HBM and 1.99 TB/s bandwidth per GPU), a 4xH100 SXM
GPU system (80 GB HBM and 3.35 TB/s bandwidth per GPU),
and a 16xXTPU vb6e system (32GB HBM and 1.56 TB/s
bandwidth per device). Both PLENA and MicroScopiQ are
modeled as 16-accelerator systems with aggregate HBM ca-
pacity and bandwidth equivalent to A100 GPU systems.

To account for GPUs’ non-compute components, we de-

termine the number of devices by approximately matching
multiplier counts rather than silicon area, given differences in
fabrication nodes. Furthermore, for H100, we align memory
capacity instead of multiplier counts, as it provides substan-
tially higher compute resources than the other platforms. The
co-design-selected PLENA configuration (BLEN = 32, MLEN =
2048, VLEN = 2048, Precision W/A/KV = 4/4/4) demonstrates
improved performance across all evaluated workloads.

As shown, PLENA achieves higher TPS than both the A100
and TPU v6e under identical HBM settings and multiplier
counts, reaching up to 2.23x that of the A100 and 4.70x
that of the TPU v6e for agentic workload. The higher TTFT



TABLE XII: System-level comparison across workloads in Table IV. Performance evaluation occurs under full HBM-
capacity utilization, setting the batch size (BS) to the largest fitting value per workload-hardware pair. Note: We reproduced
MicroScopiQ [50] and deployed its compute unit on the PLENA platform for testing. And for GPT-OSS 20B (MoE) [6] and
Qwen3-32B [60], the remaining accelerators and TPUs are not included since they do not support these configurations [65].

LLAMA-3.1-8B

(14K, 0.2k) (114K, 5k) (90K, 8k) (90k, 8k) Equal Batch
System TTFT (s) TPS (xA100) Tok/J BS TTFT (s) TPS (xA100) Tok/J BS TTFT (s) TPS (xA100) Tok/J BS TTFT (s) TPS (xA100) Tok/J BS
A100 0.68 1.00x 1.00x 2048 7.40 1.00x 1.00x 16 5.00 1.00x 1.00x 16 5.00 1.00x 1.00x 16
A100 QuaRot [7] 0.73 1.12x 1.12x 4096 8.63 1.10x 1.10x 32 5.97 1.14x 1.14x 32 4.79 1.08x 1.08x 16
H100 2.42 1.65x 0.94x 2048 2.66 2.50x 143x 16 1.83 2.48x 1.41x 16 1.83 2.48x 141x 16
H100 QuaRot [7] 2.51 1.77x 1.01x 4096 2.97 2.57x 147x 32 2.01 2.55x 1.46x 32 1.77 2.51x 1.43x 16
TPU vé6e 5.61 0.88x N/A 2048 7.58 0.51x N/A 16 7.23 0.53x N/A 16 7.23 0.53x N/A 16
MicroScopiQ [50] 3.47 0.83x 1.67x 8192  21.28 0.37x 0.74x 64 19.13 0.39x 0.78x 64 4.93 0.27x 0.54x 16
PLENA 341 1.91x 3.50x 8192 20.13 1.45x 2.66x 64 18.87 1.45x 2.65x 64 4.68 1.17x 2.10x 16

LLAMA-3.3-70B

(1.4k, 0.2k) (114K, 5k) (90K, 8k) (90k, 8k) Equal Batch
System TTFT (s) TPS (xA100) Tok/J BS TTFT (s) TPS (xA100) Tok/J BS TTFT (s) TPS (xA100) Tok/J BS TTFT (s) TPS (xA100) Tok/J BS
A100 0.78 1.00x 1.00x 256 43.18 1.00x 1.00x 4 29.67 1.00x 1.00x 4 29.67 1.00x 1.00x 4
A100 QuaRot [7] 1.17 1.08x 1.08x 512 42.89 1.13x 1.13x 8 32.17 1.13x 1.13x 8 27.69 1.11x I.1l1x 4
H100 0.34 2.34x 1.34x 256 14.30 2.13x 121x 4 10.10 2.04x 1.22x 4 10.10 2.04x 1.22x 4
H100 QuaRot [7] 0.44 2.36x 1.35x 512 16.12 2.19x 1.25x 8 11.37 2.14x 1.22x 8 9.88 2.08x 1.18x 4
TPU v6e 11.7 0.85x N/A 256 41.96 0.46x N/A 4 37.61 0.47x N/A 4 37.61 0.47x N/A 4
MicroScopiQ [50] 8.32 0.79 1.59x 1024  73.28 0.20x 041x 16 49 0.17x 035x 16 2393 0.11x 023x 4
PLENA 7.58 1.82x 3.32x 1024 69.10 2.23x 4.07x 16 4343 2.21x 4.04x 16  21.68 1.34x 245x 4

GPT-OSS 20B (MoE)

(1.4k, 0.2k) (114k, 5k) (90k, 8k) (90k, 8k) Equal Batch
System TTFT (s) TPS (xA100) Tok/J BS TTFT (s) TPS (xA100) Tok/J BS TTFT (s) TPS (xA100) Tok/J BS TTFT (s) TPS (xA100) Tok/J BS
A100 1.46 1.00x 1.00x 1024 11.81 1.00x 1.00x 8 8.05 1.00x 1.00x 8 8.05 1.00x 1.00x 8
H100 4.03 0.89x 0.51x 1024 1.85 3.10x 1.78x 8 1.38 2.90x 1.66x 8 1.38 2.90x 1.66x 8
PLENA 13.41 1.15x 2.10x 4096  47.63 1.96x 3.58x 64  41.08 1.93x 3.52x 64 9.77 0.99x 1.79x 8

Qwen3-32B

(1.4k, 0.2k) (114K, 5k) (90K, 8k) (90k, 8k) Equal Batch
System TTFT (s) TPS (xA100) Tok/J BS TTFT (s) TPS (xA100) Tok/J BS TTFT (s) TPS (xA100) Tok/J BS TTFT (s) TPS (xA100) Tok/J BS
A100 0.88 1.00x 1.00x 1024  28.90 1.00x 1.00x 8 19.19 1.00x 1.00x 8 19.19 1.00x 1.00x 8
H100 1.19 2.13x 1.22x 1024 9.24 2.29x 1.31x 8 6.29 2.21x 1.26x 8 6.29 2.21x 1.26x 8
PLENA 4.38 1.40x 2.56x 4096  108.1 1.22x 2.23x 64 90.71 1.23x 2.25x 64  23.14 1.14x 2.08x 8

TABLE XIII: Compute area, utilization, and attainable FLOPs
for different systolic-array designs. Baselines use a 64 x 64
array, while PLENA uses a flattened 4 x 1024 array. S.A.T de-
notes standard attainable TOPs on GSM8K, and A.A.T denotes
agentic attainable TOPs on the OSWorld-L. workload from
Table IV, measured across the full inference flow. SystolicAttn
has a larger compute area because it uses FP16 without
quantization, but achieves high utilization by fusing the full
attention computation within the array.

Design Comp Area (mm?) TOPs/mm?  S.AT/mm?*  A.AT/mm?2*
MicroscopiQ [50] 0.1378 59.45 26.36 5.83
Olive [25] 0.319 25.66 13.76 2.40
FIGNA [32] 0.471 17.39 7.51 1.83
SystolicAttn [39] 1.17 14.00 7.14 476
PLENA 0.237 34.49 29.31 12.81

observed in PLENA is explained by its ability to store more
batches within the same HBM capacity using our quantization
scheme. As batch size increases, the prefill stage grows longer
due to additional memory accesses and computation.

VI. CONCLUSION

We present PLENA, a novel accelerator design system that
exploits a flattened systolic array for efficient agentic infer-

ence acceleration. We identify the underutilization challenges
posed by memory bandwidth and capacity walls for agentic
model inference. In order to address them, we propose an
asymmetric quantization scheme for hardware acceleration
in MX and native architectural support for FlashAttention.
Beyond the hardware, PLENA also presents a full system
exploration framework, including new ISA support, automated
code generation, multi-level simulators, and a co-design explo-
ration engine. This provides an exploration platform beyond a
specific accelerator architecture implementation and enables
future research to prototype and explore optimizations for
emerging transformer models, similar to Berkeley’s Gemmini
framework for DNNs [21].

Our future work will focus on integrating PLENA with GPU
systems to enable heterogeneous LLM acceleration, leveraging
the strengths of both architectures. Furthermore, as multi-
turn and multi-modal agentic workloads become increasingly
prevalent, we plan to extend PLENA to better support and
optimize for these emerging workloads.
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