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Abstract—LLM inference often exceeds on-chip memory ca-
pacity, causing frequent external memory access. Quantization
reduces memory cost but loses accuracy due to outliers. Prior
mixed-precision accelerators address this issue with encoding
schemes, but often result in accuracy degradation for LLMs and
pipeline stalls. We present Lupin, an algorithm-architecture co-
design with Outlier-First Encoding, which stores outliers in high
precision by reallocating less critical normal values. This preserves
maximal outlier representation and enables stall-free execution
with low-precision MAC units. Experiments show that Lupin
maintains accuracy while achieving a 2.02× speedup.

Index Terms—Large language models, Quantization, Mixed-
precision, Outlier

I. INTRODUCTION

As Transformer-based Large Language Models (LLMs) [1]
grow, inference increasingly exceeds on-chip memory capacity
[2], resulting in frequent external memory accesses, perfor-
mance bottlenecks [3], [4], and underutilization of compute
hardware [5]–[9]. Quantization [10]–[12] mitigates this by
using low-bit weights and activations, but rare large-magnitude
outliers degrade accuracy [13]–[15]. This issue is especially
severe for activations in attention mechanisms, where activation
values directly determine attention probabilities [15], [16].
Therefore, proper handling of activation outliers is critical for
maintaining accuracy. To address this challenge, we propose
Lupin, a mixed-precision inference framework and hardware
designed to handle outliers while preserving overall accuracy
efficiently.

II. MOTIVATION & BACKGROUND

Existing mixed-precision approaches attempt to balance ac-
curacy and efficiency but suffer from inherent limitations.
OliVe [17] applied mixed data-type quantization (Fig. 1a)
but still encodes outliers in 4 bits, resulting in substantial loss
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Fig. 1: Mixed-precision encoding comparison
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Fig. 2: Main dataflow for Lupin’s stall-free computation: Outlier-
Normal Pair processing

of outlier information. SPARK [18] applied mixed bit-length
quantization (Fig. 1b), allocating 8-bit precision to outliers to
improve accuracy, but its 4-bit-optimized compute units stall
when handling higher-precision data, reducing throughput.

To overcome these limitations, Lupin introduces Outlier-
First Encoding and a stall-free mixed-precision accelerator.
Our encoding compress normal values in INT4, while outliers
are preserved in INT8 by reallocating the storage space of the
paired normal value.

III. OUTLIER-FIRST ENCODING

We introduce Outlier-First Encoding (Fig. 1c), a compact
data encoding that efficiently handles outliers while ensuring
compatibility with the hardware systems. This encoding is
designed to work with a simple, fixed-size pair format (1-
byte), making it suitable for integration with standard memory
systems.

Normal-Normal Pair. Both values are quantized to low
precision (e.g., INT4). This case achieves a high compression
rate similar to conventional quantization schemes.

Outlier-Normal Pair. When an outlier is paired with a
normal value, the normal value is pruned, and its storage space
is reassigned. This allows the outlier to be stored with higher
precision (e.g., INT8). The 1-byte pair format remains intact,
avoiding disruption to a byte-based memory system.

Outlier-Outlier Pair. When two adjacent outliers occur, the
most critical information from both is retained by storing the 4
MSBs of each outlier. This ensures that the encoding preserves
key information even when dealing with multiple outliers.

As seen in Section V, our method preserves outlier informa-
tion more effectively. Unlike OliVe, which represents outliers
in a 4-bit float-based data type, our approach allows outliers
to be represented with up to 8-bit precision. For an outlier
pair, OliVe aggressively prunes one of the outliers, whereas
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Fig. 3: Lupin Architecture. L.PE means Lupin PE in short

our method preserves the magnitudes of both values, retaining
critical information and achieving higher accuracy.

Outlier indices are extracted during the encoding process and
stored separately using the Block Sparse Index (BSI) [19]. For
each data block loaded into the PE-array, BSI stores the relative
distances of outliers, minimizing metadata size.

IV. LUPIN ARCHITECTURE

The Lupin Accelerator is designed to efficiently support
mixed-precision computation without pipeline stalls caused by
high-precision operations. It employs an input-stationary sys-
tolic array with paired 4-bit MAC units, where most operations
are performed using INT4. High-Precision Enable (HP_EN)
signal generated by outlier indices allows each Processing
Element (PE) to switch to high-precision execution.

Fig. 2 illustrates how HP_EN enables high-precision oper-
ations to be executed on low-precision MAC units. Outlier
indices decoding and HP_EN delivery are performed in parallel
with activation block loading, aligning outlier control with the
input stationary data flow. Guided by the HP_EN signal, each
PE dynamically selects the appropriate weights (Fig. 2 1 ) and
accumulates partial products at higher precision.

The computation dataflow is divided into three cases, accord-
ing to Outlier-First Encoding:

Normal-Normal Pair. This pair follows standard INT4
operations, processed as typical low-precision computations
with independently operating MAC units.

Outlier-Outlier Pair. The dataflow for this pair is similar
to the normal case, but the 4 MSBs are shifted to restore its
magnitude and accumulated.

Outlier-Normal Pair. This operation constitutes the core
mechanism of stall-free mixed-precision computation. When a
normal value is pruned, the freed MAC unit is reassigned to
process the high-precision outlier. Two 4-bit MAC units operate
in parallel to simultaneously produce the MSB and LSB partial
products of the outlier. The MSB result is shifted and combined

TABLE I: Perplexity comparison of LLM models on WikiText2
and C4 datasets (lower is better).

Model OPT 1.3B
WikiText2 / C4

OPT 2.7B
WikiText2 / C4

BLOOM 1B7
WikiText2 / C4

BLOOM 3B
WikiText2 / C4

FP16 14.62 / 14.72 12.47 / 13.16 15.39 / 17.97 13.48 / 16.14

OliVe 46.93 / 45.87 36.38 / 36.60 18.82 / 21.51 16.55 / 19.68

SPARK 36.86 / 37.88 27.52 / 29.33 21.16 / 23.92 17.45 / 21.31

Lupin 16.78 / 16.99 13.78 / 14.71 17.69 / 20.53 14.87 / 17.90
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Fig. 4: Runtime Encoding overhead and overall speedup compar-
ison of different mixed-precision accelerator designs

with the LSB result (Fig. 2 2 ), allowing the INT4 x INT8
multiplication to be completed within a single cycle.

Overall architecture, as shown in Fig. 3, supports this
dataflow to enable stall-free execution with minimal control
overhead and high hardware utilization.

V. EVALUATION

LLM Results. We evaluate Lupin on OPT [20] and BLOOM
[21] models using post-training quantization [22], with Wiki-
Text2 [23] and C4 [24] datasets as shown in Table 1. Compared
to baselines, OliVe [17] and SPARK [18], Lupin maintained
near-FP16 accuracy and outperformed both baselines.

Area & Power. Hardware synthesis [25] in 28nm CMOS
showed that Lupin reduced area to about 73% of both baselines
and consumed only 76% of SPARK and 94% of OliVe core
power, demonstrating its efficiency in hardware resource usage.

Runtime Quantization. In terms of quantization encoding
overhead (Fig. 4a), an experiment was conducted on a Qual-
comm Snapdragon 8 Gen 2 [26] with a C-based simulator. The
proposed method achieved the lowest latency, requiring only
about 54% of OliVe’s encoding time and 27% of SPARK’s. This
advantage stems from its regular data pair packaging scheme.
In contrast, OliVe incurs conditional-branching overhead for
multi-type data handling, whereas SPARK incurs data rear-
rangement overhead to meet memory alignment requirements.

Performance. We evaluate compute latency using a cycle-
level simulator based on DnnWeaver [27] and BitFusion
[11]. Lupin and OliVe exhibit stall-free computation, whereas
SPARK incurs stalls on high-precision data. As shown in
Fig. 4b, Lupin achieves higher overall speedup due to shorter
encoding time and the absence of pipeline stalls, resulting in
2.02x and 1.30x speedup over SPARK and OliVe, respectively.
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