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Abstract—Large Language Models (LLMs) have achieved
remarkable success across a broad range of applications but
impose extreme computational and memory demands due to
their reliance on massive General Matrix–Matrix Multiplication
(GEMM) operations. Quantization has emerged as a key ap-
proach to improve efficiency by reducing data precision; how-
ever, modern LLMs exhibit diverse sensitivities to quantization,
requiring multiple precision settings. Existing hardware accel-
erators fail to efficiently support this diversity: fixed-function
accelerators are limited to a few discrete formats, while bit-
composable architectures suffer from quadratic resource scaling,
leading to severe performance degradation at higher precision.
We propose UniCore, a unified GEMM architecture that achieves
both bit-width scalability and accuracy preservation through
a hardware–software co-design. UniCore introduces Scalable
FPMA (S-FPMA), the first composable FPMA primitive that
fuses into different precisions using uniform adder slices, main-
taining linear hardware scaling. To ensure numerical fidelity,
UniCore integrates a lightweight format-conversion and dual-
path compensation pipeline that corrects FPMA’s structured
approximation error. Complementing the architecture, DynFP, a
distribution-adaptive low-bit floating-point format, improves rep-
resentational accuracy for diverse LLM weight and activation dis-
tributions. UniCore delivers 1.24×–3.95× higher area efficiency
for W4A4/W4A8/W8A8 and up to 5.26× at W16A16 compared
to prior composable-multiplier accelerators, while achieving the
highest accuracy in nearly all configurations. UniCore is open-
sourced at: https://github.com/CLab-HKUST-GZ/isca53-unicore

Index Terms—Large Language Model, Approximate Comput-
ing, Quantization, Hardware Accelerator.

I. INTRODUCTION

Large Language Models (LLMs) have demonstrated re-
markable capabilities across tasks such as language under-
standing, translation, and generative content creation [27],
[35], [40], [46], [48]. However, their inference remains com-
putationally intensive due to the heavy use of general matrix
multiplication (GEMM) operations over billions of parameters.
To make large-scale LLM deployment practical, quantization
has become a widely adopted technique. By reducing the
precision of weights (W) and activations (A), quantization
effectively lowers memory footprint and computational cost.

Quantization introduces a trade-off between computational
efficiency and model accuracy. This trade-off is complex, as
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Fig. 1: UNICORE enables efficient and accurate LLM infer-
ence across diverse quantization formats.

different LLMs exhibit diverse sensitivities to precision. For
instance, models such as Llama-1&2 [40], [41] and OPT [48]
maintain accuracy under 4-bit weight-activation quantization,
whereas larger or activation-sensitive models (e.g., Llama-
3 [14]) require higher-bit settings (e.g., W8A8) to alleviate ac-
curacy loss [25], [45], [49]. Furthermore, even a single model
may require different precision to meet the demands of diverse
use cases, such as a high-throughput, low-precision “draft”
mode versus a high-precision “quality” mode [21]. This creates
a critical design challenge for LLM accelerators: no single
quantization format is universally applicable. Therefore, an
ideal hardware solution must provide bit-width flexibility to
accommodate varying quantization methods.

However, existing hardware architectures remain limited in
achieving bit-width flexibility. Most of the LLM accelera-
tors [13], [19], [33], [50] are overly rigid, supporting only a
fixed-format or singular precision that cannot efficiently map
to the wide spectrum of quantization formats. Bit-composable
architectures [15], [18], [22], [39] offer configurability by
fusing small compute units, but they suffer from a fundamental
quadratic performance collapse: their throughput decreases
roughly in proportion to 1/n2, because multiplier resources
scale as O(n2) in both area and delay [39]. This inherent
limitation allows high throughput at low-bit settings (e.g.,
W4A4) but causes severe degradation at higher precisions
(e.g., W8A8, W16A16). Consequently, there remains a critical
architectural gap: no existing architecture scales efficiently
with bit-width while maintaining high utilization.

Our core insight is that the computational primitive de-
termines whether a GEMM engine can scale efficiently
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with bit width. While prior work has explored floating-point
multiplication approximation with integer addition (FPMA)
for specific quantization settings [50], we recognize that
its addition-based structure enables hardware cost to scale
linearly, O(n), with bit-width, offering a far more scal-
able alternative to multiplier-based designs. However, this
promising path presents two critical challenges: 1) Accuracy
Preservation: FPMA is an approximation, and its inherent
computational error, especially in low-bit modes, can lead to
inevitable losses in model fidelity. 2) Architectural Unifi-
cation: Existing FPMA units [50] are fixed-function (e.g.,
W4A16) and cannot be fused or decomposed to support
different precisions. Achieving bit-width flexibility requires a
unified FPMA architecture that scales efficiently.

In this paper, we propose UNICORE, a unified GEMM ar-
chitecture that harnesses the linear-scaling potential of FPMA
through a holistic software-hardware co-design (Figure 1).
• We introduce a lightweight format-conversion and compen-

sation pipeline that addresses FPMA’s structured approxima-
tion error. Through subnormal removal, mantissa reconstruc-
tion, and dual-path fine- and coarse-grained compensation,
UNICORE maintains high numerical fidelity.

• We design a unified GEMM engine built on S-FPMA, a
dynamically fusible FPMA compute primitive composed of
uniform adder slices. By cascading these slices, UNICORE
achieves strictly linear (O(n)) hardware scaling and can be
reconfigured on demand to support diverse formats.

• To complement the compute architecture, we propose
DynFP, a configurable low-bit floating-point format that
adapts exponent–mantissa allocation, eliminates redundant
encodings, and better captures the diverse weight and K/V
distributions in LLMs.
Experimental results show that UNICORE achieves

1.24×–3.95× higher area efficiency for W4A4/W4A8/W8A8
and up to 5.26× higher efficiency at W16A16 compared to
state-of-the-art accelerators. Meanwhile, UNICORE achieves
the highest accuracy across nearly all configurations. It
provides the lowest perplexity in 4-bit modes and near-FP16
accuracy at higher bit-widths (e.g., 8-bit).

II. BACKGROUND AND RELATED WORK

A. LLM Inference and Quantization
Modern Large Language Models (LLMs) are composed of

stacked transformer blocks [35], [40], [48], where masked
self-attention is paired with large linear layers. The major-
ity of computation and parameter storage comes from the
linear layers in feed-forward networks and attention projec-
tions [27], [35], [40], [48]. These modules are built upon gen-
eral matrix–matrix multiplication (GEMM) operations, which
execute large-scale dense linear mappings between activa-
tions and weights. Prior studies, including AxCore [50] and
FIGNA [19], show that GEMM contributes 69–99% of LLM
inference time and remains the primary cost even within
attention, especially during prefill.

Quantization improves LLM inference efficiency by repre-
senting high-precision tensors with low-bit values. In general,

W16A16 W8A8 W4A16 W4A8 W4A4
Quantization Precision

80%

85%

90%

95%

100%

A
cc

ur
ac

y Llama-3-8B
Llama-2-7B
Llama-2-70B
Mistral-7B
Qwen3-8B
Qwen3-14B

Fig. 2: Accuracy degradation of various LLMs under different
quantization precisions. The degree of accuracy loss differs
significantly across models and bit-widths.

a tensor is mapped to a compact format by dividing its
values by a scale factor and rounding them to the nearest
representable code, which may be an integer (INT) or a
floating-point variant (FP4/FP8) [30], [28], [49]. Modern
LLMs predominantly adopt group quantization, where weights
or activations are partitioned into small groups (e.g., 32–128
elements), and each group receives its own scale or floating-
point parameters. This grouping allows the quantizer to adapt
to local distribution variation—critical for enabling aggressive
low-bit formats such as W4A4 and W4A8 [25], [49]. While
weight-only quantization [12], [24] is critical for reducing
memory footprint, joint weight and activation (W+A) quan-
tization directly lowers both memory and computational cost
by enabling low-bit matrix manipulation [3], [36].

B. Diverse Quantization Requirements

Quantization introduces a fundamental trade-off between
computational efficiency and model fidelity. While moderate-
bit quantization (e.g., 8-bit or 6-bit) can often maintain near-
lossless accuracy with techniques such as outlier smoothing
and channel shifting [38], [42], [45], aggressive low-bit quan-
tization (e.g., 4-bit or below) amplifies rounding errors and
distribution mismatch, leading to noticeable accuracy degra-
dation [5], [11]. Our empirical results reveal that quantization
behavior varies widely across both model families and format
choices. As shown in Figure 2, different LLMs exhibit distinct
sensitivities to precision reduction: for instance, Llama-3-
8B and Qwen3 [46] models experience noticeably larger
degradation than Llama-2-7B or Mistral-7B [20] when moving
from W8A8 to W4A4. Even within the same architecture
family, models of different scales (e.g., Llama-2-7B vs. Llama-
2-70B, or Qwen3-8B vs. Qwen3-14B) respond differently,
indicating that model size and parameter distributions strongly
influence robustness. These variations collectively underscore
that no single quantization format can achieve the optimal
efficiency–accuracy balance across all models and use cases.
Therefore, LLM accelerators must support bit-width flexibility,
enabling efficient execution of diverse quantization methods
within a unified architecture.
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C. Limitations of Existing Architectures

The growing diversity of quantization formats exposes key
limitations in current accelerator designs. Existing approaches
generally fall into two categories, yet both struggle to provide
efficient support across multiple bit-widths.

Fixed-Precision Accelerators. Most existing accelera-
tors [13], [19], [33], [50] are built around fixed-precision
datapaths, offering only a small, predetermined set of sup-
ported formats (e.g., W4A16). These designs achieve high
efficiency for their targeted precisions but cannot adapt to
the heterogeneous formats. This makes them unsuitable for
deployment scenarios where quantization settings vary across
layers, models, or hardware constraints.

Bit-Composable Accelerators. A complementary line of
work introduces bit-composable architectures, where small
compute units can be fused to emulate larger bit-widths. Bit-
Fusion [39] is a pioneering example, enabling reconfigurable
integer Processing Elements (PEs) that dynamically assemble
into wider operators. This approach has since inspired many
designs targeting adaptive quantization and outlier process-
ing [15], [16], [18], [22]. However, despite their flexibility,
these architectures are fundamentally limited by the quadratic
O(n2) cost of multipliers. Because partial-product generation
and accumulation grow with n2, the achievable throughput
of fused PEs decreases proportionally to 1/n2 as precision
increases. This “dynamic tax” allows good efficiency at 4-bit,
but causes severe throughput collapse when switched to 8-bit
or 16-bit modes. As shown in Figure 3a, these designs become
prohibitively inefficient for higher-precision formats.

Consequently, the current accelerator landscape leaves a
critical architectural gap: there is no hardware that can deliver
both high performance and true bit-width scalability. This gap
motivates the need for a new GEMM architecture that remains
efficient across diverse precisions.

III. MOTIVATION: LINEAR SCALABILITY WITH FPMA
We observe that the inefficiency of existing bit-flexible

designs originates from their reliance on multipliers, whose
cost grows quadratically with bit-width. With a more effi-
cient scaling primitive, a bit-width-flexible architecture could
achieve high efficiency. A promising direction is floating-
point multiplication approximation (FPMA) [17], [26], which
replaces floating-point multipliers with integer adders.

A. Tackling Efficiency with Linearly Scalable FPMA

FPMA Definition. FPMA begins with the IEEE normalized
floating-point representation [1]:

x = (−1)Sx · 2Ex−B · (1 +Mx) (1)

where Sx is the sign bit, Ex the exponent, Mx the mantissa,
and B the exponent bias. Based on Mitchell’s logarithmic
approximation [31]: log2(1+Mx) ≈ Mx, FPMA approximates
a floating-point number x in the logarithmic domain as:

log2(|x|) = Ex −B + log2(1 +Mx) ≈ Ex −B +Mx (2)

Then, the floating-point multiplication r = x ·y in logarithmic
domain is approximated as:

log2(|r|) = log2(|x ·y|) ≈ (Ex+Mx)+(Ey+My)−2B (3)

Since the product r can also be denoted as log2(|r|) ≈ Er +
Mr −B, it enables the approximate multiplication:

R ≈ X + Y −B (4)

where X = Ex +Mx, Y = Ey +My , and R = Er +Mr.
FPMA’s Potential. FPMA fundamentally departs from

conventional (approximate) multiplier-centric designs by elim-
inating multipliers: it replaces floating-point multiplication
with integer addition over the concatenated exponent–mantissa
field. This makes precision scaling slice-composable, where
the datapath expands by chaining adder slices, yielding near-
linear (O(n)) growth in area and critical delay (Figure. 3b),
rather than the superlinear cost of multiplier-based datap-
aths. As a result, FPMA can span aggressive low-bit modes
and higher-precision execution (e.g., 8/16-bit) with modest
overhead, enabling a single GEMM engine to sustain high
throughput across mixed-precision LLM workloads.

B. Challenges of Unified GEMM Design with FPMA

While FPMA offers a compelling path toward linearly scal-
able arithmetic, its direct application to GEMM architecture
introduces several non-trivial challenges.

Challenge 1: Preserving accuracy under approximation
error and low-bit quantization. FPMA introduces approxi-
mation errors by linearizing logarithmic relationships between
operands. At the same time, achieving high accuracy at low-
bit is intrinsically challenging: formats like FP4/FP3 suffer
from subnormal distortion and narrow dynamic range. These
difficulties compound with FPMA’s approximation error, lead-
ing to severe accuracy degradation. Maintaining fidelity re-
quires overcoming both the algorithmic limitations of low-bit
floating-point and the approximation errors of FPMA.



Challenge 2: Efficient unified hardware architecture for
bit-width scalability. Existing FPMA-based accelerators such
as AxCore [50] use fixed datapaths optimized for a single
mode (e.g., W4A16) and cannot be adapted to other precisions.
Supporting multiple bit-widths within one GEMM engine
requires a reconfigurable FPMA fabric that can scale exponent
and mantissa handling while incorporating lightweight cor-
rection across modes. Without such architectural unification,
multi-precision support would require duplicating hardware for
each format, undermining the efficiency benefits of FPMA.

IV. UNICORE OVERVIEW

UNICORE addresses these challenges by incorporating three
key techniques that together enable a unified, multi-precision
GEMM engine.

Technique 1: Lightweight Accuracy Preservation. To mit-
igate FPMA’s approximation error and stabilize computation
under low-bit quantization, UNICORE introduces a lightweight
format-conversion and compensation pipeline. All inputs are
first normalized into an expanded floating-point domain to
eliminate subnormals and ensure consistent exponent align-
ment. Within the compute path, UNICORE applies dual-path
compensation: fine-grained mantissa reconstruction restores
low-order detail, while coarse-grained adjustment corrects
high-order approximation error. These mechanisms enable
FPMA-based GEMM to maintain high numerical fidelity even
in aggressive 4-bit configurations.

Technique 2: Unified Bit-Width Scalable Architecture.
UNICORE builds a unified GEMM engine on S-FPMA, a
dynamically fusible FPMA primitive composed of uniform
adder slices. Each slice handles a fixed low-bit segment (e.g.,
4 bits), and wider precisions are formed by cascading slices
with simple carry propagation. Because each additional bit
contributes only one slice, the hardware cost and delay grow
strictly linearly, O(n), with precision. This directly resolves
the architectural unification challenge: a single datapath now
supports diverse formats without redundant hardware.

Technique 3: Distribution-Adaptive Quantization with
DynFP. UNICORE strengthens numerical fidelity in low-bit
quantization through DynFP, a distribution-adaptive low-bit
floating-point format. DynFP improves representational ex-
pressiveness by adjusting exponent–mantissa allocation and
removing redundant encodings to match the asymmetric,
heavy-tailed distributions in LLM layers. By improving the
numerical quality of low-bit data, DynFP reinforces UNI-
CORE’s accuracy goals and complements the FPMA correction
pipeline—further addressing Challenge 1, while supporting
stable multi-bit-width execution (Challenge 2).

V. ACCURACY-PRESERVED SCALABLE FPMA

A. Eliminating Subnormals with Format Conversion

1) Subnormals break FPMA: In the IEEE floating-point
standard, normal numbers (as shown in Equation 1) have a
hidden leading 1 (i.e., 1+M ) for the mantissa, which imposes
a minimum representable magnitude: vmin,normal = 21−B . As a
result, values smaller than this threshold would jump directly
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Fig. 4: Subnormal numbers from diverse FP4 variants are
losslessly remapped to the normal range of a wider FP format.

to zero. To avoid this abrupt underflow, IEEE-754 introduces
subnormal numbers, encoded with:

vsubnormal = (−1)S · 21−B · (0 +M) (5)

This gradually extends the representable range toward zero,
providing smooth underflow. However, without the leading 1
for mantissa, their logarithmic behavior no longer satisfies
FPMA’s approximation (i.e., log2(1 + Mx) ≈ Mx). This is
particularly problematic in low-bit formats (FP4/FP3), where
up to 25–50% of representable values may be subnormals. As
a result, FPMA can generate large, systematic inaccuracies for
these inputs. Prior work, such as AxCore [50], mitigates this
issue by remapping subnormals to nearby values in the normal-
number domain. However, this conversion is itself approximate
and inevitably introduces additional numerical noise.

2) Normalizing Subnormals via Bit-Width Expansion: To
eliminate subnormal-induced FPMA errors, we convert low-
bit floating-point operands into a wider format in which every
representable value becomes a normal number. For example,
a subnormal in any FP4 variant (E3M0, E2M1, E1M2) has a
mantissa of the form (0 +M). We normalize these values by
left-shifting their mantissas until they fall within [1, 2), while
reducing the exponent by the same amount. This bit-width
expansion preserves the exact numerical value but requires
that the target format must keep at least as many mantissa bits
as the source (M ′ ≥ M) and provide enough exponent range
to absorb up to M normalization shifts (B′ ≥ B +M).

Figure 4 illustrates this process using FP4 variants (E3M0,
E2M1, E1M2) and the target E3M2 format. The red crosses
indicate subnormal values across several FP4 variants. Be-
cause these formats use short mantissas and narrow exponent
ranges, many of their smallest values fall below the nor-
mal range. When projected into the expanded E3M2 format,
each of these subnormals maps to a unique, exact normal
representation, shown by the blue dots. E3M2 provides two
additional mantissa bits and a larger exponent bias, ensuring
that normalization never causes re-underflow and that all
significant bits are preserved. As shown in the figure, the entire
subnormal region of FP4 lies squarely within the normal range
of E3M2. Even the smallest FP4 subnormal (0.5 in E1M2)
shifts cleanly into E3M2’s normal range after normalization.

This bit-expanded representation removes all subnormals
before the FPMA computation begins, guaranteeing that every
operand satisfies the assumptions of FPMA’s logarithmic ap-
proximation. Importantly, all weights and activations remain
stored and transferred in their original low-bit formats; the
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temporary E3M2 expansion is a precision-preserving internal
re-encoding confined to the compute datapath, thereby retain-
ing the system-level benefits of low-bit storage while enabling
stable, subnormal-free arithmetic. Although this conversion
will slightly expand the bit-width of the calculation datapaths,
the resource overhead remains minimal for FPMA due to its
addition nature.

B. Dual-Path Error Compensation for FPMA

After subnormal normalization, all FPMA operands are
represented as normal floating-point numbers. The remaining
inaccuracy then comes purely from FPMA’s approximate
realization of multiplication in the logarithmic domain. This
approximation distorts the exact product across mantissa bits.

1) Limitation of Coarse-grained Compensation: To achieve
hardware-efficient error compensation, existing FPMA designs
(e.g., April [6]) introduce a coarse-grained (CG) compensation
term where a down-sampled or error of nearby mantissa
combinations is injected into the mantissa field of the FPMA
result. This works reasonably well at higher precision. Fig-
ure 5a illustrates an example with FP8 (E4M3) operands.
FPMA underestimates the exact product (66) and produces
60. Adding a 1-bit coarse compensation shifts the result to
64, which already aligns closely with the true product. The
remaining fine-grain error is small because the 3-bit mantissa
still preserves most of the significant information.

However, this method is not effective in ultra-low-bit for-
mats such as FP4 (E1M2). As shown in Figure 5b, FPMA
again underestimates the exact product (36) and yields 32.
However, the mantissa is now only 2 bits wide. Since CG-
Comp operates at this coarse 2-bit granularity, it fails to
represent the correction, as the error magnitude is too small
to trigger the last bit. In the example, even after CG-Comp,
the result remains 32, and the large error persists.

2) Fine-grained Compensation via Bit Concatenation:
To overcome this limitation, we introduce fine-grained (FG)
compensation, which explicitly reconstructs the missing low-
order information by extending the effective mantissa width
of the FPMA result. For a given mantissa pair (MA,MW ),
FPMA and exact multiplication are both deterministic. We
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Fig. 6: Illustration of the fusible S-FPMA arithmetic.

therefore precompute, offline, the residual between the exact
product and the FPMA result in an extended-precision domain.
We then encode the fine-grained portion of this residual as
a short bit-pattern and store it in a tiny LUT indexed by
(MA,MW ). At runtime, FPMA produces its approximate re-
sult within the original mantissa width, and the corresponding
FG compensation bits Cfg(MA,MW ) are concatenated to the
LSB side of this result, effectively extending the mantissa. It is
noteworthy that the two error compensation methods together
enable FPMA to achieve exact results under the FP4 format.

This mechanism is illustrated in Figure 5: for FP8 (E4M3),
FPMA produces 60. CG-Comp adjusts the high-order bits to
64, and FG-Comp concatenates the missing fine bits (“01”),
recovering the exact result 66, while for FP4 (E1M2), CG-
Comp cannot change the result (still 32), but once FG-Comp
appends the fine bits (“01”), the result becomes 36, exactly
matching full-precision multiplication.

C. Composable and Scalable FPMA Arithmetic (S-FPMA)
To support multiple quantization formats within one archi-

tecture, the arithmetic unit must scale its bit-width without
duplicating full datapaths. Existing FPMA designs [50], how-
ever, are rigidly tied to a single operand width and cannot
expand to wider precisions. UNICORE addresses this by de-
composing FPMA into a uniform slice (4-bit as the example),
enabling the construction of wider FPMA operators simply
by chaining slices through their carry interfaces. Because
FPMA fundamentally performs an integer addition on the
concatenated exponent–mantissa field, its datapath naturally
decomposes into fixed-width adders, unlike multipliers whose
partial-product structures do not compose linearly.

Figure 6a illustrates one such slice operating as a complete
W4×A4 FPMA. Each 4-bit slice independently processes
a local exponent–mantissa segment, subtracts the bias, and
incorporates both fine-grained (FG) and coarse-grained (CG)
compensation. FG compensation is injected at the LSB side of
the slice to restore the missing lower-order bits of the product.

Wider precisions are obtained by fusing slices. In W8×A8
mode (Figure 6b), the lower slice processes the low 4 bits and
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the upper slice processes the next 4 bits, with the carry from
the first feeding the second. FG compensation remains in the
lowest slice so that the restored fine detail propagates through
the fused adder chain, while CG compensation uses the empty
bits of B to participate in addition to coarse mantissa bits.
This extends naturally to W16×A16, where four slices form a
16-bit FPMA operator (Figure 6c). Carries ripple through all
slices, and compensation remains correctly aligned. Because
the fused datapath is still a single addition, area and delay
scale linearly with bit-width.

S-FPMA therefore allows the same hardware to operate ef-
ficiently in W4A4, W8A8, and W16A16 modes, providing full
utilization and multi-precision capability without duplicating
FPUs or widening multiplier arrays.

VI. UNICORE ARCHITECTURE

A. Overview

Figure 7 illustrates the UNICORE architecture using 4/8-
bit support as an example; this is for clarity only, and the
design naturally generalizes to other bit-widths. UNICORE
employs a weight-stationary dataflow where both weights (W )
and activations (A) are fed vertically in the column direction.
Before entering the array, both are processed by the Unified
Format Converter, which performs the dual role of translating
low-bit inputs into an internal format to normalize subnormal
values (i.e., E3M2) as well as supporting our quantization
framework to enhance data representation (Section VII). All
tensors remain stored and transferred in their original low-
bit formats; the E3M2 encoding is confined to the compute
datapath. Following this unified conversion, their data paths
diverge: weights are pre-loaded and held stationary within the
PE columns, while activations are first routed to a PreAdd (PA)
unit. This PA unit computes an intermediate value T = A−B
by applying an exponent bias correction (−B). This corrected
activation T is then streamed continuously downward for
column-wide reuse. Each PE is built from a dual-slice S-
FPMA that supports bit-flexible approximate multiplication.
In independent mode, the Left (L) and Right (R) slices
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Fig. 8: Composable Processing Element (C-PE) efficiently
supports W4A4 and W8A8 MAC by reusing operators.

compute two separate low-bit MACs (e.g., two W4 lanes).
In fused mode, the same slices are combined through an
internal carry chain so that WL and WR form the low/high
bits of a single wider operand (e.g., W8), enabling dynamic
precision scaling. The outputs of PEs feed into a dual-chain
accumulation datapath, where separate SL and SR horizontal
chains maintain bit-width-adaptive partial sums. Finally, the
post-processing pipeline performs dequantization via Rescale
and combines the scaled results with previously stored values
in the Accumulator.

B. Composable Processing Elements

UNICORE’s PEs are designed as composable pairs based
on the S-FPMA primitive. As illustrated in Figure 8a, two
adjacent PEs can either operate in parallel or dynamically
fuse into a single, wider computational unit. The internal
datapath of each PE is mostly identical, and switching between
modes requires only minimal mux logic. Each PE receives
the stationary weight (W ) and a corrected activation (T ),
the latter of which is generated beforehand by the PreAdd
block applying an exponent bias correction to the original
activation (T = A−B). Inside the PE, it performs an addition
on these inputs (T + W ), and then enhances the accuracy
through both fine-grained and coarse-grained compensation.
Both compensation terms are generated by lightweight look-
up tables (LUTs): FG compensation (Cfg) is directly con-
catenated to the FPMA output to restore the missing fine
bits, while CG compensation (Ccg) provides a 1-bit coarse
adjustment injected as a carry-in at the lowest adder slice,
consistent with the FP8 case where only one coarse bit is
required. The resulting approximation product R in floating-
point format will pass through a shifter and be converted
into a sign-magnitude representation. Finally, a specialized
adder performs a mixed-format accumulation, summing this
sign-magnitude product with the incoming two’s complement
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Fig. 9: The adaptive dual-chain partial-sum (S) accumulation
datapath that supports W4A4 (summing) and W8A8 (concate-
nating) modes without multiplexer overhead.

partial sum (S) to generate the new partial sum (S′), which
then propagates to the next PE.

In W4A4 mode (Figure 8b), the Left and Right slices
function as distinct, parallel MACs. Each slice independently
receives its respective E3M2 operands (W and T ), performs
the T + W operation, and concatenates the fine-grained
compensation value Cfg , the only compensation needed to
preserve fidelity in this low-bit mode, to produce an E4M4
product. This product is then converted into sign-magnitude
via shifting before being accumulated with an incoming partial
sum (S), avoiding a costly FP adder. This configuration results
in two independent partial sums (S′) being generated and
propagated separately from each slice.

In W8A8 mode (Figure 8c), the two PE slices are dy-
namically fused via carry chains to process the wider E4M3
operands. This fused operation requires both fine-grained com-
pensation (Cfg) and coarse-grained compensation (Ccg). As
our design employs only a 1-bit Ccg , it is efficiently injected
into the adder chain using the carry logic. The E5M4 product’s
exponent (E5) is used to drive both shifters in parallel: the
lower 4 bits (E5[3:0]) control the right shifter, while the left
shifter is driven by the non-negative value of exponent minus
a fixed offset (E5−δ). The final output is obtained by clipping
the left shifter’s result and concatenating it with the right
shifter’s result, prepared for later accumulation.

C. Bit-width-Composable Dataflow

To efficiently accumulate partial sums generated by the
composable PEs in different bit-width modes, UNICORE in-
troduces an adaptive dual-chain accumulation datapath. As
detailed in Figure 9, partial sums (S) are accumulated hor-
izontally via the dual-chain datapath, which implements two
independent accumulation chains within each row: one con-
necting the Left PE slices and another connecting the Right PE
slices. This chain dynamically adapts to operational modes.

In W4A4 mode (Figure 9a), where all PEs in each row
contribute to a single result, the outputs of the two chains are
summed by a final adder to produce a unified output (S∗

+).
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Fig. 10: UNICORE-based LLM accelerator architecture.

Conversely, in W8A8 mode (Figure 9b), the fused-PE (F-PE)
acts as a single wide MAC unit with an activated internal
carry chain. Therefore, the outputs from the two chains are
simply concatenated to produce the final wide-bit-width result
(S∗

||). This dual-chain routing scheme allows the partial-sum
connections between PEs to be fixed, eliminating the need for
multiplexers or other complex routing logics and achieving
high bit-width adaptability in a hardware-efficient manner.

D. UniCore for LLM Inference

Figure 10 provides the system architecture of UNICORE-
based LLM accelerator. At its core is the GEMM Unit
(UNICORE), implemented as a scalable 2D array of Tiles, each
composed of multiple S-FPMA-based composable PEs. Tiles
are organized into Groups whose PE column counts match the
quantization group size, enabling each Group to process one
group in parallel and naturally support low-bit per-group quan-
tization. Within each Group, partial sums are accumulated and
rescaled using the group’s scale factor, and the outputs from
all Groups are merged in the global Accumulator. Surrounding
the GEMM Unit, a Weight Buffer supplies quantized weights,
while a Unified Buffer streams activations and intermediate
results for both GEMM and the Vector Unit that handles
layer-wise operations. The Control Unit schedules instructions,
manages on-chip buffers and DRAM traffic, and controls the
precision-dependent muxes that select between independent
and fused PE operation, ensuring scalable, systolic-friendly
inference under group-wise quantization.

VII. DISTRIBUTION-ADAPTIVE QUANTIZATION WITH
DYNAMIC FLOATING-POINT FORMAT

Aggressive low-bit quantization (e.g., 3–4 bits) is essen-
tial for reducing GEMM compute cost, yet standard low-bit
floating-point formats (FP4/FP3) struggle to represent the
highly diverse, fine-grained data distributions seen in modern
LLMs. UNICORE therefore integrates a distribution-aware
quantization framework that co-designs the numerical format
with the S-FPMA datapath to achieve high fidelity under ultra-
low bit precision.

A. Non-uniform Data Distribution in LLMs

Although tensor-wise activation or weight distributions ap-
pear well-behaved, their per-group distributions (e.g., 32-
element groups used in modern scaling quantization) are
highly non-uniform and vary dramatically across layers and
channels. Figure 11 shows that while tensor-level CDFs are
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plots use a single tensor, whereas the other plots show CDFs
for 32 sampled instances from the corresponding tensor.

smooth, per-group distributions can be heavy-tailed, asym-
metric, or tightly concentrated. Consequently, a single static
format (e.g., standard FP4) is ill-equipped to represent this
wide spectrum of group-level distributions under aggressive
quantization, resulting in notable accuracy degradation com-
pared with higher-bit-width formats [7], [15], [16], [18], [22],
[38], [42], [45]. This motivates a flexible, per-group floating-
point format tailored to each distribution.

B. Dynamic Floating-Point (DynFP) Data Format

To address this diversity, UNICORE introduces Dynamic
Floating-Point (DynFP), a per-group configurable 4-bit (or 3-
bit) format, which is defined as:

DynFP(WE ,WM , Z, I)

where WE and WM are exponent and mantissa bit-widths,
respectively. Z is the remapped special value replacing the
redundant “−0” code, and I is the optional “gap-insertion” flag
that inserts an empty bit to improve representability of non-
uniform distributions. DynFP provides the following features.

Adaptive E/M Allocation. First, as shown in Figure 12,
each group chooses its floating-point layout (e.g., E3M0,
E2M1, E1M2) to prioritize either dynamic range (larger ex-
ponent) or precision (more mantissa bits). This follows the
findings of AxCore [50] and M-ANT [18] that optimal E/M
allocation significantly reduces quantization error.

Range Extension via Empty-Bit Insertion (I-flag). Sec-
ond, inserting a small “gap” between exponent and mantissa
codes reshapes the ladder of representable values. This helps
match odd-shaped distributions—e.g., clusters separated by
wide gaps—without increasing bit-width. Formally, for a raw
exponent code E ∈ [0, 2WE − 1], we split E at position ℓ into
Ehi = ⌊E/2ℓ⌋ and Elo = E mod 2ℓ. With the I-flag enabled,
we define the effective exponent mapping Φ(I, ℓ, E) such that
Φ(0, ℓ, E) = E and Φ(1, ℓ, E) = Ehi · 2ℓ+1 + Elo, which is
equivalent to inserting a zero bit between the two parts. This
remapping introduces a controlled gap in the exponent ladder,
modestly extending the covered range to better fit irregular
value distributions.

0
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Fig. 12: Overview of the proposed DynFP format. (S: sign,
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Fig. 13: Unified Format Converter with DynFP support.

Remapping the Redundant Negative Zero (Z-value).
Third, standard low-bit FP formats waste one code for “neg-
ative zero” [7]. DynFP reclaims this code and maps it to a
useful normal value from the internal E3M2 range in Figure 12,
either a finer-resolution intermediate value, or a larger outlier
to extend dynamic range. If Z exceeds the group’s format
max Fmax, the group becomes asymmetric, and its sign can
be absorbed into the scaling factor with no extra datapath cost.

Together, these mechanisms define the numerical semantics
of DynFP as follows:

v =


Z, if E=0, M=0, S=1,

(−1)S ·21−B ·M, if E=0, M ̸=0,

(−1)S ·2Φ(I,ℓ,E)−B ·(1+M), if E ̸=0.

where S, E, M , and B denote the sign, exponent, mantissa,
and bias, respectively. The parameter Z remaps the redundant
negative-zero code, while the I-flag affects the effective expo-
nent only through Φ(I, ℓ, E). Collectively, these mechanisms
allow a low-bit format to realize a small set of distribution-
aware numerical behaviors in a unified format.

Hardware support. Figure 13 illustrates the datapath of
the Unified Format Converter used to implement DynFP in
hardware. The converter receives DynFP3/4 inputs and a
per-group format index that selects the corresponding DynFP
from the supported format set. The format parameters are
realized through a small look-up table (LUT). The LUT uses
the combined format index and data value as its lookup
index, mapping DynFP encodings (e.g., with different E/M
allocations or the I-flag enabled for gap insertion) to their
equivalent E3M2 representations used for computation. To
support the Z-value mechanism, the converter detects negative
zero (−0) and selects a predefined Z-value in E3M2 format
via a multiplexer; otherwise the LUT-converted value is used.

C. Automated Weight Quantization via Greedy Search

A single tensor may require many distinct DynFP config-
urations across its constituent groups, and the corresponding



search space is prohibitively large, spanning multiple expo-
nent, mantissa layouts, optional gap-insertion variants, and nu-
merous candidate Z-values. Exhaustive or manual exploration
is therefore impractical. To navigate this combinatorial space
efficiently, we introduce an automated search framework that
systematically synthesizes the optimal DynFP configuration
for each group. Unlike prior approaches that rely on a fixed
or globally uniform format, our method constructs a data-
driven numerical representation that adapts to each group’s
local distribution within a compact format set, preserving per-
group flexibility while reducing quantization error.

We describe the procedure using DynFP-4 as an example.
The algorithm builds a palette of k formats (e.g., k = 16) for
each tensor through an iterative, greedy selection process. The
workflow comprises three phases.

Candidate Pool Generation. The framework first enumer-
ates all viable DynFP-4 configurations, generating a pool of
96 candidate formats. These candidates arise from four base
E/M layouts (E3M0, E2M1, E1M2, and E1M2I) combined
with 24 possible Z-value assignments. To avoid reintroducing
subnormals, Z is restricted to values within the normal region
of the internal E3M2 domain (Z ≥ 0.5).

Iterative Greedy Format Search. Instead of allowing
each group to choose freely among all 96 candidates—which
would be costly in metadata and search time—the algorithm
constructs a compact tensor-level palette P of size k. Initially,
P is empty. In the initialization step (t = 1), the algorithm
evaluates every candidate format and selects the one that min-
imizes the global mean squared error (MSE) across all groups.
This format becomes f1 in the palette. In the subsequent
greedy iterations (t = 2 to k), each remaining candidate ft is
evaluated by computing the global MSE obtained when every
group is allowed to choose its best format from P ∪ ft. The
candidate that yields the largest marginal reduction in global
MSE is appended to the palette. The process repeats until P
contains k formats.

Final Format Assignment. Once the palette is finalized,
the algorithm performs a final pass over the tensor. Each
group selects the single format in P that minimizes its local
quantization error. The index of the chosen format (e.g., a 4-
bit value for a 16-entry palette) is then stored alongside the
group’s scaling factor. And the Z of each format is loaded
into UNICORE’s Unified Format Converter when computing a
new weight tensor.

This greedy search procedure behaves similarly to clustering
the weights in representation space, requires no activation
calibration, does not introduce distribution bias, and is highly
efficient as a one-time offline step per checkpoint. For instance,
quantizing Llama-2-7B with this method completes in about
two minutes on a single RTX 6000 Ada GPU, after which
inference only uses the stored format indices and scales,
requiring no runtime format search.

D. Efficient Attention Quantization with Crest Factor

Unlike offline weight-format search, K/V activations are
quantized online during inference and require a lightweight

method that avoids evaluating all DynFP candidates per group.
To achieve this, UNICORE uses the crest factor κ [5] as a
lightweight proxy for a group’s dynamic format selection.
Different DynFP formats exhibit distinct quantization signal-
to-noise ratio (QSNR) [9] behaviors as functions of κ, allowing
us to precompute a small set of thresholds that map κ to the
most suitable E/M layout.

During inference, κ is computed in a single streaming
pass using one max-abs reduction and one RMS reduction,
incurring only four scalar operations per element [43]. The
overhead is negligible: for typical sequence lengths (L ≥ 2K),
the crest-factor computation contributes less than 0.2% of the
FLOPs of QK⊤ and remains fully memory-bound, enabling
seamless fusion into the quantization kernel. This crest-factor-
guided selection provides accurate, distribution-aware DynFP
quantization for K/V activations with negligible runtime cost.

E. Metadata Overhead of DynFP

DynFP uses a 4-bit and 1-bit per-group format index for
weights and K/V cache, respectively, together with an 8-bit
per-group scaling factor. For typical 4-bit weight quantization
with group size 32, this leads to an effective bit-width of
4.375 bits, only a 2.9% increase (0.125 bits) compared to
MXFP4 [36]. Metadata is stored in main memory and loaded
with weight tensors. At runtime, the Unified Format Converter
decodes the format index within 1 cycle to select E/M settings
and special-case mappings (Figure. 13), while scaling factors
are held in dedicated 8-bit registers in the GEMM array’s
Rescale unit, contributing only 0.73% of GEMM area.

VIII. EVALUATION

A. Experimental Setup

1) Hardware Setup: We implement UNICORE in Spinal-
HDL [10] and synthesize the generated RTL using Synopsys
Design Compiler targeting a TSMC 28 nm process and a 1
GHz clock frequency. This setup is used consistently across all
accelerator comparisons. To assess system-level behavior, we
extend the BitMoD cycle-accurate simulator [7] with timing
and energy models derived from our post-synthesis RTL. All
accelerators are evaluated under the same area constraint and
equipped with a 512 KB activation buffer and a 512 KB
weight buffer, both modeled using CACTI [32] followed the
configurations of BitMoD to ensure a controlled comparison.
Off-chip memory energy is estimated using the DDR4 config-
uration with a 25.6 GB/s bandwidth in DRAMSim3 [23] for
the prefill phase. For the decode phase evaluation, we include
an additional HBM2 setting with a 256 GB/s bandwidth.

2) Baselines: We compare UNICORE against five represen-
tative GEMM accelerators for LLMs. For hardware evalua-
tion, we use three bit-parallel composable-multiplier designs:
OliVe [15], Tender [22], and M-ANT [18]. To cover fixed-
width mixed-precision designs, we additionally include two
state-of-the-art accelerators BitMoD [7] and AxCore [50].
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3) Quantization Settings: Our evaluation is based on post-
training quantization (PTQ). We compare the accuracy in four
W/A/KV bit configurations: 4/4/16, 4/8/16, 3/8/16, and 4/4/4.
We further include AxCore in its native 4/16/16 fixed-width
configuration for comparison. We extend BitMoD and M-
ANT to support integer activation quantization at different
bit-widths, implementing their quantization schemes within a
unified evaluation framework. To ensure a fair and consistent
evaluation, we apply the calibration-free mode of BitMoD to
M-ANT and AxCore, aligning all baselines with the evaluation
protocol of UNICORE. All 8-bit settings use per-channel
weight quantization and per-token activation quantization. In
4-bit and 3-bit quantization scenarios, for accelerators that na-
tively support fine-grained group quantization (INT, MXFP4,
M-ANT, BitMoD, AxCore, UNICORE), we fix the group
size at 32. For architectures that do not support fine-grained
quantization (OliVe and Tender), we employ channel-wise
or tensor-wise quantization. UNICORE quantizes activations
using standard floating-point formats together with an INT8
scale. When enabling K/V quantization, we also quantize Q
and the softmax output P using the same group size and bit-
width as the activation, while only K and V perform online
format selection (Section VII-D). All quantized models are
obtained from BF16 checkpoints on Hugging Face [44].

B. Area Efficiency

1) PE Level: Figure 14a compares the normalized area
breakdown of composable PE (C-PE) of each design. The
breakdown includes composable multiplication (Composable
Mult), accumulators (Accum), and other logic; registers are
excluded because different systolic dataflows require different
buffering. Across multiplier-based baselines, the Composable
Mult block dominates PE area (up to 83.6%) in some designs,
due to the quadratic cost of partial-product generation. Instead,
UNICORE yields a 13.6%–43% reduction in PE area relative
to prior designs. The larger Others component—mainly the
shifting logic for FP–to–sign-magnitude conversion—avoids a
full FP adder and is reused across all bit-width modes.

2) GEMM Level: Figure 14b extends this comparison to the
full GEMM unit, showing that UNICORE attains the smallest
normalized GEMM area (0.51), corresponding to a 19%–49%
area reduction over all baselines. Both the combinational logic
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Fig. 16: Normalized compute density (TOPS/mm2) of the
GEMM array across different precisions.

and register overhead of UNICORE are the lowest among all
designs, indicating that the S-FPMA-based pipeline reduces
both the compute core and the surrounding buffering cost. To
evaluate scalability up to 16-bit precision, we extend Tender
to support W16A16. As shown in Figure 14b, 16-bit support
slightly increases accumulator width but introduces only mod-
est overhead; UNICORE still maintains a 24% smaller GEMM
area than Tender. This demonstrates that the S-FPMA pipeline
remains compact and preserves its area advantage even as
precision increases.

C. Compute Density Evaluation

1) PE Level: Figure 15 shows the normalized C-PE com-
pute density (throughput/area) in the 4–8 bit setting. In W8A8
mode, UNICORE achieves a PE efficiency of 3.51, outper-
forming all baselines by 2.31×–3.51× and clearly reflecting
the benefit of linear S-FPMA scaling. The same trend holds
even at lower precision: UNICORE delivers the highest W4A4
efficiency (7.02), a 1.15×–1.76× improvement, and in mixed-
precision W4A8 mode it retains its 8-bit efficiency while still
exceeding all baselines by 1.20×–2.31×. For the extended
4–16 bit PE scaling, the gap widens further with precision:
UNICORE is only slightly ahead of Tender at W4A4, grows
to over 2× at W8A8, and exceeds 4× at W16A16, where
multiplier-based designs suffer from quadratic overhead.

2) GEMM Level: These PE-level gains translate di-
rectly into higher GEMM-level compute density (Figure 16).
Across all bit-width modes, UNICORE achieves the highest
TOPS/mm2: in W4A4 it provides 1.44×–1.98× higher effi-
ciency, in W4A8 it improves upon baselines by 1.23×–2.88×,
and in W8A8 it reaches 3.95 TOPS/mm2, a 2.47×–3.95×
advantage over prior designs. Extending the comparison to
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Fig. 17: Normalized speedup of UNICORE compared with
baselines under diverse precisions.

16-bit execution further highlights the benefit of the S-FPMA
datapath. As precision increases, UNICORE’s advantage grows
rapidly: it delivers 1.32× higher TOPS/mm2 than Tender
at W4A4, rises to 2.63× at W8A8, and reaches 5.26× at
W16A16. This widening gap reflects the fundamental ar-
chitectural difference—UNICORE’s S-FPMA scales linearly,
whereas multiplier-based composable designs such as Tender
incur quadratic performance collapse as bit-width increases.

D. Performance and Energy Efficiency

We evaluate end-to-end prefill and decode performance and
energy efficiency using Llama-2-7B and Llama-3-8B with a
sequence length of 8192, a configuration commonly used in
real-world deployments [34].

1) Performance: Figure 17 presents normalized prefill per-
formance under four precision settings: W4A4, W4A8, W8A8,
and W16A16. Tender, M-ANT, and UNICORE quantize the
K/V cache using the same bit-width as activations, whereas
OliVe retains 16-bit K/V due to the lack of compatible
quantization support. With normalized GEMM compute area,
UNICORE consistently achieves higher speedups than every
baseline, with particularly pronounced gains at higher bit-
widths owing to the linear scalability of S-FPMA. On average
across OliVe, Tender, and M-ANT, UNICORE delivers 3.21×,
2.91×, and 2.51× speedups, respectively.

As decode is more memory-bound than prefill, we evaluate
decode performance (batch size = 128) under DDR4 (25.6
GB/s) and HBM2 (256 GB/s), as shown in Figure 19 and
Figure 20. UNICORE achieves average speedups of 2.96×,
1.04×, and 1.08× over OliVe, Tender, and M-ANT under
DDR4, and 2.00×, 1.35×, and 1.60× under HBM2.

2) Energy: Figure 18 reports the energy breakdown and
normalized energy efficiency under the DDR4 prefill setting.
With K/V cache quantization, UNICORE, M-ANT, and Ten-
der significantly reduce DRAM energy compared to OliVe.
Across all precision settings, UNICORE achieves the lowest
overall energy, enabled by its addition-only C-PE, bit-flexible
dataflow, and linear-complexity multiplication structure. In
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Fig. 18: Energy breakdown and normalized energy efficiency
of UNICORE compared with baselines.

TABLE I: WikiText-2 perplexity (PPL) of different quanti-
zation methods across various models. UNICORE-Q enables
distribution-adaptive DynFP quantization.

Method Bits OPT Llama-2 Llama-3 Qwen3
W/A/KV 6.7B 7B 70B 8B 8B 14B

FP16 16/16/16 10.86 5.47 3.32 6.14 9.72 8.64
UNICORE 16/16/16 10.88 5.48 3.32 6.17 9.69 8.64
INT 8/8/16 22.85 5.58 3.48 6.27 9.63 8.70
Tender 8/8/16 10.93 5.77 3.48 / / /
OliVe 8/8/16 11.24 5.73 / / / /
UNICORE 8/8/16 10.98 5.50 3.34 6.20 9.77 8.72
INT 4/4/16 11.18 5.95 3.62 7.39 10.51 9.22
Tender 4/4/16 13.56 36.47 13.43 / / /
OliVe 4/4/16 39.18 44.07 / / / /
MXFP4 4/4/16 11.26 5.99 3.61 7.50 10.74 9.50
BitMoD 4/4/16 11.08 5.82 3.56 7.13 10.33 9.20
M-ANT 4/4/16 11.14 5.85 3.56 7.11 10.33 9.29
UNICORE 4/4/16 11.15 5.81 3.55 7.05 10.37 9.16
UNICORE-Q 4/4/16 10.93 5.76 3.51 6.85 10.09 9.07
INT 4/8/16 79.26 5.76 3.61 6.82 10.00 8.93
BitMoD 4/8/16 45.95 5.67 3.55 6.60 9.92 8.84
M-ANT 4/8/16 44.12 5.70 3.55 6.59 9.86 8.90
UNICORE 4/8/16 11.11 5.67 3.44 6.66 10.26 8.97
UNICORE-Q 4/8/16 10.88 5.62 3.40 6.46 9.93 8.90
AxCore 4/16/16 11.06 5.72 3.44 6.69 10.11 8.86
INT 3/8/16 2158.19 6.97 4.27 13.92 13.84 12.53
BitMoD 3/8/16 190.12 6.13 3.84 7.82 11.20 9.61
UNICORE 3/8/16 14.60 6.40 3.94 9.27 12.32 9.95
UNICORE-Q 3/8/16 11.77 5.95 3.63 7.42 10.45 9.44
INT 4/4/4 11.33 6.73 4.57 8.38 11.27 10.00
UNICORE 4/4/4 11.54 6.23 3.82 7.86 10.78 9.39
UNICORE-Q 4/4/4 11.10 6.19 3.78 7.59 10.45 9.28

terms of energy efficiency, UNICORE delivers the highest
normalized TOPS/W under every precision and model com-
bination. Overall, UNICORE provides 1.86× higher TOPS/W
than baselines, reaching up to 2.73× improvement in some
settings. As shown in Figure 19 and Figure 20, in the decode
phase under both DDR4 and HBM2 configurations, UNICORE
achieves the lowest total energy consumption and the highest
TOPS/W in nearly all evaluated settings, demonstrating that its
energy advantage persists even in memory-bound scenarios.

E. End-to-end model accuracy

Tables I–II summarize WikiText-2 [29] perplexity and zero-
shot accuracy [4], [8], [37], [47] for UNICORE and prior accel-
erators under several W/A/KV bit configurations on OPT-6.7B,



TABLE II: Zero-shot performance on four benchmark datasets.
Higher scores indicate better accuracy. UNICORE-Q enables
distribution-adaptive DynFP quantization.

Model Method Bits ARC-e Hella. Piqa Wino. Avg.(↑)

Llama-3-8B

FP16 16/16/16 77.82 79.25 80.79 73.09 77.74
INT 8/8/16 77.36 78.99 79.98 73.64 77.49

UNICORE 8/8/16 77.61 79.09 80.41 73.24 77.59
INT 4/4/16 75.13 76.78 79.98 70.09 75.49

M-ANT 4/4/16 73.48 76.99 78.94 70.09 74.88
BitMoD 4/4/16 73.65 76.75 78.40 69.77 74.64

UNICORE 4/4/16 73.61 76.66 78.24 70.88 74.85
UNICORE-Q 4/4/16 75.21 77.72 79.16 70.64 75.68

Qwen3-8B

FP16 16/16/16 80.64 74.94 77.37 67.72 75.17
INT 8/8/16 79.34 75.06 77.48 67.80 74.92

UNICORE 8/8/16 80.72 74.53 77.53 67.88 75.16
INT 4/4/16 73.82 71.53 75.24 65.98 71.64

M-ANT 4/4/16 76.05 71.90 74.97 65.82 72.19
BitMoD 4/4/16 78.03 71.41 74.97 65.19 72.40

UNICORE 4/4/16 78.24 72.74 75.90 66.85 73.43
UNICORE-Q 4/4/16 78.28 73.01 76.01 66.30 73.40

Llama-2-7B, Llama-3-8B, and Qwen3-8B/14B. All methods
use direct-cast quantization without calibration, and FP16
serves as the accuracy reference. UNICORE-Q additionally
uses offline weight-format search and online K/V format
selection when K/V quantization is enabled.

1) Perplexity: As shown in Table I, in WikiText-2 per-
plexity, existing 4-bit formats (INT, MXFP4, BitMoD, and
M-ANT) already show noticeable degradation at 4/4/16, with
higher perplexity than FP16 across all models, whereas UNI-
CORE-Q consistently achieves the lowest perplexity in each
4/4/16 column (e.g., 10.93 vs. 11.08–11.26 on OPT-6.7B,
with similar gaps on Llama-2/3 and Qwen3). At 4/8/16 and
3/8/16, UNICORE-Q maintains more stable perplexity than
other schemes and attains the best or near-best perplexity in
almost all cases; the 4/4/4 setting follows the same trend. The
few exceptions mainly arise when Qwen3’s smoother activa-
tions better match INT activation quantization, or when outlier
groups/layers trigger PPL spikes. Compared with fixed-width
mixed-precision designs under the 4/16/16 setting (AxCore),
UNICORE-Q achieves lower perplexity on most models even
with lower activation precision (e.g., 4/8/16). Overall, across
nearly all models ranging from 6.7B to 70B parameters and
bit-width combinations, the UNICORE family achieves leading
perplexity among quantized schemes, while competing formats
incur larger degradation or even become unstable in the most
aggressive regimes.

2) Zero-shot Performance: The zero-shot results in Table II
exhibit a similar pattern. Across both models, the UNICORE
family consistently matches or surpasses most low-bit base-
lines and often approaches FP16 performance. At the 8/8/16
setting, UNICORE achieves leading average accuracy among
quantized methods. Under the more aggressive 4/4/16 con-
figuration, the UNICORE family continues to outperform INT,
M-ANT, and BitMoD on most tasks, with DynFP (UNICORE-
Q) providing further gains in most cases and helping the
family achieve the best 4-bit average accuracy across both
evaluated models. Minor task-level fluctuations occur because
small quantization-induced logit shifts can flip discrete zero-
shot predictions. Overall, UNICORE variants deliver state-of-
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Fig. 19: Normalized energy and speedup of UNICORE com-
pared with baselines in decode phase equipped with DDR4.
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Fig. 20: Normalized energy and speedup of UNICORE com-
pared with baselines in decode phase equipped with HBM2.

the-art zero-shot performance in the low-bit regime, with clear
gains from DynFP-based weight adaptation.

F. Ablation Study on Error Compensation

Table III evaluates the impact of different FPMA compensa-
tion schemes across models. In FP16, UNICORE uses coarse-
grained (CG) compensation and preserves near-identical PPL
to the FP16 reference. In FP8, the coarse-grained (CG) variant
is insufficient to reach lossless performance; integrating fine-
grained (FG) compensation restores the missing low-order de-
tail and closely matches the original FP8 fused multiply-add.
For FP4, approximate multiplication without FG compensa-
tion results in significant errors, as FPMA alone cannot recover
low-bit mantissa precision. After applying FG compensation,
UNICORE achieves PPL identical to the original FP4 because
UNICORE can represent exact FP4 results with dual-path
compensation. These results highlight that error compensation
must scale with precision: CG correction is adequate for high-
precision FPMA, while FG compensation becomes essential
as mantissa width shrinks. More importantly, they validate
that UNICORE maintains accuracy across all supported bit-
widths by adapting the level of compensation to the numerical
characteristics of each format.

G. Comparison with Fixed-precision Designs

To isolate the effect of composability, we compare fixed-
precision UNICORE GEMM units with baselines built using
(i) Synopsys DesignWare IP (DW IP) and (ii) a modified
Tender design without composability, all under a weight-
stationary dataflow. UNICORE achieves the highest compute
density across all fixed-precision settings: 6.46 at W4A4
(2.78× and 1.32× over DesignWare and Tender), 3.42 at
W8A8 (1.94× and 1.19×), and 2.05 at W16A16 (2.05× and
1.90×), as shown in Figure 21a. These results indicate that the



TABLE III: WikiText-2 perplexity (PPL) of FPMA with differ-
ent kinds of compensation. FG: Fine-Grained Compensation;
CG: Coarse-Grained Compensation. UNICORE adapts both FG
and CG to maintain accuracy, without DynFP quantization.

Method Bits OPT-6.7B Llama-2-7B Llama-3-8B Qwen3-8B Qwen3-14B
FP16 16 10.86 5.47 6.14 9.72 8.64
UNICORE 16 10.88 5.48 6.17 9.69 8.64
FP8 8 10.98 5.50 6.20 9.76 8.71
FPMA+CG 8 11.02 5.52 6.23 9.84 8.77
UNICORE 8 10.98 5.50 6.20 9.77 8.72
FP4 4 11.15 5.81 7.05 10.37 9.14
FPMA 4 1.1E+4 3.4E+4 3.6E+5 4.9E+6 1.5E+6
UNICORE 4 11.15 5.81 7.05 10.37 9.14
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Fig. 21: Normalized compute density and power of standalone
fixed-precision GEMM variants across different precisions.

UNICORE’s advantage stems from the lightweight S-FPMA
datapath rather than composability alone.

We further include fixed-width mixed-precision baselines
BitMoD [7] and AxCore [50]. Figure 21a shows that using the
fixed-precision UNICORE W16A16 GEMM unit (2.05) as the
A16-compatible reference, UNICORE achieves 1.60× BitMoD
(1.28) and 0.50× AxCore (4.07) under W4A16. The gap
stems from AxCore specializing in fixed weight-only mixed
precision, whereas UNICORE supports composable precision
with joint W+A quantization. Under the same W4 setting,
UNICORE reaches 1.59× AxCore with comparable accuracy
(Table I), highlighting the advantage of lowering activation
precision. In addition, as shown in Figure 21b, the fixed-
width UNICORE GEMM also maintains competitive or lower
normalized power across precisions. Across fixed-precision
settings, UNICORE reduces normalized power by 35.6%–
45.0% over DesignWare and 11.1%–44.4% over Tender.

H. Ablation Study on Quantization Group Sizes

We evaluate the perplexity results of UNICORE across
multiple quantization group sizes and compare it with INT, M-
ANT, and BitMoD. Table IV reports results with group-wise
quantization on both weights and activations. As expected,
smaller groups improve all methods by providing finer-grained
scaling, while UNICORE maintains the best PPL across all
group sizes. These results show that UNICORE’s accuracy
advantage is robust to quantization granularity.

I. Online Activation Quantization Overhead

Figure 22 reports the latency impact of online activation
quantization. On Llama-2-7B, activation quantization accounts
for 7.1%–20.7% of prefill latency but only 0.3%–1.6% during

TABLE IV: WikiText-2 perplexity (PPL) of different methods
in different group sizes (GS). The PPL of FP16 is 5.47.

Llama-2-7B UNICORE M-ANT BitMoD INT

W4A4
GS-128 5.98 6.36 6.39 6.54
GS-64 5.84 6.02 5.99 6.14
GS-32 5.76 5.85 5.82 5.95
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Fig. 22: Normalized Latency of online activation quantization
compared with GEMM operations in W4A4KV4 configuration
on Llama-2-7B and Compute/Memory ratio of the quantization
kernel with or without crest factor (CF) calculation.

decode for sequence lengths 512–8192. Importantly, quantiza-
tion can largely overlap with GEMM execution. While prior
works do not explicitly evaluate online activation quantization,
its cost is largely comparable across designs under the same
quantization granularity and memory system. Figure 22 shows
that UNICORE’s CF computation raises arithmetic intensity
from 0.63 to 0.87 (extra reductions, sqrt, and division), yet
remains memory-bound with no measurable overhead.

IX. CONCLUSION

We introduced UNICORE, a unified GEMM architecture
that delivers efficient and accurate LLM inference across
a broad spectrum of quantization formats. At the core of
UNICORE is S-FPMA, a linearly scalable and dynamically
fusible FPMA primitive that avoids the quadratic overhead
of multiplier-based composable designs. Together with a
lightweight format-conversion pipeline, dual-path error com-
pensation, and the distribution-adaptive DynFP quantization
scheme, UNICORE preserves numerical fidelity even in ag-
gressive low-bit regimes. Our extensive evaluation shows that
UNICORE achieves 1.24×–3.95× area-efficiency gains across
common low-bit modes and up to 5.26× at W16A16, when
compared with state-of-the-art accelerators. Unlike existing
designs optimized for a narrow precision range, UNICORE
provides a single, bit-flexible datapath that maintains high
utilization across W4A4, W4A8, W8A8, and W16A16 modes.
These results demonstrate that FPMA, when combined with
principled architectural and quantization co-design, offers a
compelling foundation for next-generation LLM accelerators.
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APPENDIX

A. Artifact Abstract

This artifact contains the necessary components to re-
produce the key results of this paper. It includes: (1) The
SpinalHDL RTL code for the UNICORE hardware design; (2)
Evaluation scripts for Large Language Model (LLM) accuracy;
(3) A cycle-accurate simulator for end-to-end performance
evaluation. These components facilitate the full reproduction
of data shown in Tables I-IV, Figures 17-20.

B. Artifact check-list (meta-information)
• Compilation: NVCC 12.4, GCC 11.4.0.
• Model: OPT-6.7B, Llama-2-7B, Llama-2-70B, Llama-3-8B,

Qwen3-8B, Qwen3-14B.
• Data set: WikiText-2, ARC-e, HellaSwag, PiQA, Winogrande.
• Run-time environment: Ubuntu 22.04.5 LTS, CUDA 12.4,

and PyTorch 2.6.0.
• Hardware: A server with an x86 processor and four NVIDIA

RTX 6000 Ada GPUs.
• Output: Model perplexity and accuracy, simulator energy and

performance.
• How much disk space is required?: About 240 GB.
• How much time is needed to prepare workflow?: It takes

about 30 minutes to prepare the environment.
• How much time is needed to complete experiments (ap-

proximately)?: It takes approximately 100 hours to execute
all experiments using the server equipped with GPUs. The most
time-consuming experiment requires about 20 hours to finish.

• Publicly available?: Yes.
• Data licenses (if publicly available)?: The datasets are

publicly available through their original licensing terms.
• Workflow automation framework used?: Conda, shell

scripts.
• Archived DOI: https://doi.org/10.5281/zenodo.19449314

C. Description

1) How to access: We archive the source code at zenodo:
https://doi.org/10.5281/zenodo.19449314. We also recommend
you to access our GitHub repository for the latest version:
https://github.com/CLab-HKUST-GZ/isca53-unicore.

2) Hardware dependencies: We evaluate the models with
our server equipped with four NVIDIA RTX 6000 Ada GPUs
(48 GB).

3) Software dependencies: The experiments rely on the
following software components.

• Ubuntu 22.04.5 LTS
• Python 3.10.18
• PyTorch 2.6.0
• Conda 25.1.1
• GCC 11.4.0
• CUDA 12.4
4) Data sets: We evaluate perplexity on the WikiText-2

dataset. For zero-shot evaluations, we employ a suite of bench-
marks, including ARC-e, HellaSwag, PiQA, and Winogrande.

5) Models: We evaluate a suite of foundation models from
the Hugging Face Hub. For perplexity measurements, we use
OPT-6.7B, Llama-2-7B, Llama-2-70B, Llama-3-8B, Qwen3-
8B, Qwen3-14B. For the zero-shot performance evaluation,
we focus on the two models: Llama-3-8B and Qwen3-8B.

D. Installation

Installation instructions for the experiments are provided at
https://github.com/CLab-HKUST-GZ/isca53-unicore.

E. Experiment workflow

The artifact evaluation is split into three main parts, each
designed to reproduce a specific set of results from the paper.

1. Functional verification of UNICORE hardware:
1) Please refer to the detailed evaluation instructions in

Hardware/UniCore/. A Docker environment has
also been provided for functional verification.

2. Evaluation of LLM accuracy (reproduces Table I-IV):
1) Create the Environment: Set up the Conda environment

following the instructions in Software/Accuracy/.
2) Execute evaluation: Run the corresponding shell script

for each table. The script will automatically download
the required models and datasets from the Hugging Face
Hub (if not cached) and then perform the UNICORE
evaluation.

3. Performance of the UNICORE simulator (reproduces
Figure 17-20):

1) Create the Environment: Set up the Conda environment
following the instructions in Software/Simulator/.

2) Run Simulator and plot results: Execute the provided
script to run all simulations. The final plot will be
generated as figure/*.pdf.

F. Evaluation and expected results

Our experiments have three major parts: the evaluation of
UNICORE hardware design, the evaluation of LLM accuracy
and the performance of the UNICORE simulator.

• Hardware/UniCore: Contains all components for
hardware design and functional verification.

• Software/Accuracy: Contains the PyTorch-based
framework for LLM accuracy evaluation.

• Software/Simulator: Contains the cycle-accurate
simulator for performance and energy evaluation.

To run these experiments, please consult the README.md file
in each directory for detailed guidance. For verification, we
have included the expected results for Tables I-IV, Figures
17-20 within these README.md files.

G. Methodology

Submission, reviewing and badging methodology:
• https://www.acm.org/publications/policies/artifact-

review-and-badging-current
• https://cTuning.org/ae

https://doi.org/10.5281/zenodo.19449314
https://doi.org/10.5281/zenodo.19449314
https://github.com/CLab-HKUST-GZ/isca53-unicore
https://github.com/CLab-HKUST-GZ/isca53-unicore
https://www.acm.org/publications/policies/artifact-review-and-badging-current
https://www.acm.org/publications/policies/artifact-review-and-badging-current
https://cTuning.org/ae
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