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ABSTRACT
Fine-tuning large language models (LLMs) for specialized down-
stream tasks has become the prevailing paradigm in real-world
deployments. Previous studies have explored 8-bit floating-point
(FP8) quantization for neural network training. However, limited
exponent range often results in precision loss and requires high-
precision hardware accumulators to ensure resolution. We propose
a novel quantization technique for fine-tuning and inference that
preserves small-magnitude values, which would otherwise vanish
under conventional quantization schemes. Additionally, we design
a hardware architecture optimized for this format, enabling energy-
efficient computation with reduced reliance on high-precision ac-
cumulators. Comprehensive evaluations across LLMs demonstrate
that our approach achieves 2.22-3.55× higher energy efficiency
and 1.67-2.26× higher performance compared to baseline methods
during inference and fine-tuning.
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1 INTRODUCTION
Pre-trained large language models (LLMs) have demonstrated re-
markable capabilities across various tasks, establishing themselves
as foundational models [31]. Leveraging pre-trained LLMs that en-
code general knowledge and subsequently fine-tuning them on task-
specific datasets for domain-specific tasks, has proven to be both
time-efficient and performance-enhancing compared to training
models from scratch [6, 22]. For applications from healthcare to per-
sonal assistants, access to sensitive datasets is indispensable to con-
struct and deploy advanced models [26, 27]. Enabling fine-tuning
and inference directly on edge devices allows locally generated data
to be processed in situ, enhancing privacy and eliminating sensitive
data transmission to centralized data centers [15, 34, 39]. Low-rank
adaptation (LoRA) enables the fine-tuning of billion-parameter
LLMs on a single GPU [7]. However, edge devices inherently suffer
from strict computational and memory constraints, necessitating
an efficient quantization method to make fine-tuning feasible.
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Most existing quantization techniques, however, are optimized
for inference workloads [5, 10, 13, 38]. These methods typically
rely on calibration-based quantization, which cannot adequately
handle the numerical variance encountered during backpropaga-
tion. Consequently, they are inadequate for enabling on-device
fine-tuning. On the other hand, quantization from 32-bit floating-
point (FP32) parameters to low-precision formats such as FP8 be-
come prevalent, while maintaining gradient during backpropaga-
tion [2, 19, 21, 28, 33]. However, due to limited exponent bits, FP8
formats result in significant numerical errors and instability, espe-
cially during training. Techniques like bias shifting, which adjusts
the exponent bias through heuristic searches and profiling, are inad-
equate in edge systems [19, 28]. An advanced method, Microscaling
data formats (MX), applies group-level quantization with a shared
factor to avoid heuristic scaling [23]. However, 8-bit MX floating-
point (MXFP8) requires an FP32-level accumulation unit with FP8
multiplier for computation [20].

To overcome these limitations, we propose PRESTE (Preserv-
ing Precision of Tiny Exponents), a quantization approach de-
signed to retain all exponent values without loss, alongside a hard-
ware architecture optimized for energy and area efficiency. Un-
like traditional FP8 approaches which require FP32 accumulator,
PRESTE’s computation unit utilizes 4-bit integer (INT4) multiplier
and INT21 accumulator, enabling area- and energy-efficient hard-
ware implementation. We observe that, in many vectors, only a
small subset of values have tiny exponents that are much smaller
than the maximum exponent within the same vector. These small-
magnitude values often vanish during quantization due to limited
precision, leading to numerical errors during computation. By pre-
serving values with these exponents, PRESTE minimizes quantiza-
tion errors during computations. In addition, PRESTE efficiently
supports a wide exponent range for activations and gradients, en-
abling to achieve Bfloat16 level accuracy. This capability alleviates
the memory access overhead of high-precision gradients in back-
propagation, making it feasible to fine-tune LLMs directly on edge
environments.

In summary, our main contributions are as follows:

• We propose a quantization method that preserves the full
range of exponent values without truncation. By preserving
wide-range exponent elements during fine-tuning, such as
activations and gradients, our method achieves the accuracy
level of Bfloat16.

• We introduce a processing architecture to address the limi-
tations of FP8 dot-product operations, which require high-
precision hardware component. Our architecture minimizes
hardware overheadwith the 21-bit integer accumulator, while
still covering the entire range of 8-bit exponents.

• We validate the PRESTE quantization method and hardware
design through extensive evaluations, applying PRESTE to
fine-tune and inference across various LLMs and datasets.
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Figure 1: Distribution of the difference between the maximum and
minimum exponents within 32 elements vector of activation and
gradient tensors.

2 BACKGROUND AND CHALLENGES
2.1 Vanishing of Tiny Value During Training
Researchers have explored training DNNs using a hybrid FP8 for-
mat, which utilizes FP8-E4M3 (4-bit exponent, 3-bit mantissa) for
forward propagation and FP8-E5M2 for backward propagation [21,
28, 33]. However, the FP8 format encounters limitations during for-
ward and backward propagation due to its limited exponent range.
The restriction necessitates additional techniques, such as heuristic
bias searches guided by gradient statistics, to manage the dynamic
range of values during training [19, 28]. Consequently, they are
inadequate for enabling fine-tuning on edge environments.

The MXFP addresses the heuristic adjustment by sharing an 8-
bit exponent across 32 elements. However, MXFP still suffers from
significant quantization errors when a few elements in the vector
have exponents that differ substantially from the maximum expo-
nent. For instance, in MXFP8-E4M3, the 4-bit exponent supports
reliable quantization only when the exponent difference within
a vector is less than or equal to 15, as indicated by the blue bars
in Fig. 1. When the exponent difference exceeds 15, accurate rep-
resentation becomes impossible, causing affected elements to be
quantized as a subnormal or zero. In Fig. 1, orange and red bars
indicate the proportion of the vectors that cannot be covered by
conventional MXFP8-E4M3 and MXFP8-E5M2, respectively. This
quantization leads to distortions in dot-product computations, par-
ticularly when subnormal or zero values are multiplied by large
counterpart elements.

Fig. 2 visualizes the relative errors in dot-product computations
across various formats. The x-axis and y-axis represent the dif-
ference between the maximum and minimum exponents in each
32-element vector, A and B, respectively. The results demonstrate
that an 8-bit exponent effectively captures large exponent varia-
tions within a vector, significantly reducing errors compared to
FP8 and MXFP8 formats. Preserving tiny exponent precision pre-
vents the truncation to subnormal or zero and ensures accurate
computation. Experimental results for the impact of preserving tiny
exponent will be detailed in Sec. 5. The key innovation of our pro-
posed method lies in preserving the precision of an 8-bit exponent
while utilizing only a 3-bit exponent representation.

2.2 FP8-based Dot-product Unit
As discussed earlier, effective fine-tuning requires both preserv-
ing wide exponent range to reduce quantization-induced errors
and ensuring computational efficiency. In prior approaches, FP8-
based arithmetic is used to general matrix multiplication (GEMM)
operation during training [19, 28]. To improve computation effi-
ciency, dot-product unit typically performs multiple multiplications

Figure 2: Visualization of the dot-product error for two vectors across
various quantization formats. The x-axis and y-axis represent the
difference between the maximum and minimum exponents in vec-
tors A and B, respectively.

Figure 3: (a) The block diagram of a 32-way dot product unit for FP8.
(b) The area breakdown of dot-product unit.

in parallel and the results are aggregated through a single FP ac-
cumulator [11]. Fig. 3(a) illustrates a 32-way FP8 dot-product unit.
This unit first aligns the 32 multiplication results based on their
respective exponents and then accumulates them into a final FP32
output. As shown in Fig. 3(a), the MXFP8 utilizes the FP8 as the
element format, and requires additional registers to store the shared
scaling factor in dotted line, without modification of the existing
hardware [18, 23].

The FP8 hardware supports both FP8-E5M2 and FP8-E4M3 [2, 33].
To handle a wide range of exponents, the compute unit requires
34-bit shifter for alignment and a 43-bit adder tree for accumulation.
This design achieves FP32-level precision, but suffers from a signif-
icant hardware cost [9, 16]. We analyzed the area overhead of the
shifter and accumulator in the MXFP8 dot-product unit. As shown
in Fig. 3(b), the shifter accounts for 27.7% of the total area, while the
accumulator occupies 31.5% and the pipeline registers contribute
16.3% of the area. These findings suggest that limiting the exponent
range in the dot-product unit can reduce the size of the alignment
shifter and accumulator, thereby improving hardware efficiency.

3 PRESTE FORMAT
3.1 Representing 8-bit exponents with 3-bit
In many vectors, the range between the maximum and minimum
exponents can be large; however, we observe that only a small
fraction of elements contribute to this range. Most elements have
exponents close to the maximum in each vector, indicating that the
exponent values are tightly clustered. This localized distribution
suggests that reduced bit precision can be applied with minimal
overhead. Fig. 4 presents the profiling results for the exponents
of the query during fine-tuning of the LLaMA-2 7B model on the
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Figure 4: Cumulative ratio of exponent distances from maximum
exponent within vector. 𝐸𝑚𝑎𝑥 denotes maximum exponent.

WikiText-2 dataset using Bfloat16. The x-axis represents the dif-
ference between each element’s exponent and the max exponent
within its 32-element vector. As shown in Fig. 4, 97.8% of activation
and 96.4% of gradient exhibit an exponent difference of 6 or less,
indicating that most elements are clustered around the maximum
exponent within their respective vectors. We refer to these elements
as normal elements in the rest of the paper. In the proposed scheme,
we leverage this property and represent the difference between
most elements’ exponents and the maximum exponent using just
3-bit. Elements with exponent difference of 7 or more from the
maximum exponent in each vector are classified as tiny elements.
We assign 8-bit exclusively for the tiny exponents to enable precise
representation across a wide exponent range. This strategy allows
for efficient usage of bit precision, with most exponents requiring
only 3-bit. A detailed analysis of the exponent distribution during
fine-tuning with various models on different datasets is provided
in Section 5.2.

3.2 PRESTE Number Format Encoding
Fig. 5(a) illustrates an example of a typical Bfloat16-format vec-
tor. In the proposed PRESTE format, as shown in Fig. 5(b), the
element with the maximum exponent in the Bfloat16 is set as the
maximum exponent 𝐸max for the entire vector, and the difference
between maximum exponent 𝐸max and each element’s exponent
is calculated. Depending on the magnitude of the difference, the
exponent difference is expressed by the 3-bit align exponent for
normal elements or 8-bit tiny exponent for tiny elements.

For example, in Fig. 5, if the maximum exponent in a vector
is 𝐸max = 141, and the first element has an original exponent
Exp1 = 139, the 3-bit align exponent 𝐸1align becomes:

𝐸1align = 𝐸max − Exp1 = 141 − 139 = 2 = 010(2)

On the other hand, the 31st element has an original exponent
Exp31 = 112, and its aligned exponent 𝐸31align becomes larger than 6:

𝐸31align = 𝐸max − Exp31 = 141 − 112 = 29.

In case 𝐸31align > 6, the 3-bit align exponent 𝐸31align is used as a tiny
indicator with value of 7 (=1112), and this element is represented
using a separate 8-bit tiny exponent 𝐸tiny with value:

𝐸31tiny = Exp31 = 112.

In summary, PRESTE has 3-bit align exponents to indicate dis-
tance from max exponent. In cases where the difference exceeds 6,
the original exponent is stored as an 8-bit tiny exponent. PRESTE
format can be extended to different bit precision by assigning dif-
ferent number of bits to mantissa while using 3-bit align exponent

Figure 5: (a) The illustration of Bfloat16 data format. (b) The proposed
PRESTE-6 data format with tiny and maximum exponents.

in common. For example, PRESTE-6 use 2-bit for mantissa and
PRESTE-8 uses 4-bit for mantissa. Both of them use 1-bit for sign,
and 3-bit for align exponents.

4 PRESTE ARCHITECTURE
4.1 Overall Architecture and Memory Layout
Fig. 6(b) illustrates the overall architecture of PRESTE. Every buffers
serve as a scratchpad that are explicitly managed by controllers.
The lane consists of compute array operating in weight stationary
dataflow, scheduler, vector processing unit (VPU), and encoder. The
scheduler in each lane feeds activations and weights to the compute
array, ensuring correct timings for efficient computation. In each
cycle, the compute array generates FP results, which are either
processed by the VPU or encoded back into the PRESTE format
by the encoder. The encoder supports quantization of floating-
point vector into PRESTE vector with maximum exponent and
tiny exponents. The final output vector consists of 32 PRESTE
elements in reduced bit-precision, with a maximum exponent and
tiny exponents. The 24-byte PRESTE vector and its corresponding
1-byte maximum exponent form the minimal unit of data in the
layout as shown in Fig. 6(a). The 1K vectors are grouped into a
PRESTE tile and stored in the local buffer. The tiny data tile contains
tiny exponents of corresponding PRESTE tile. Both the PRESTE
tile and the tiny tile are stored in the local buffer, and a controller
orchestrates tile mapping across the memory hierarchy.

4.2 Dot-product Engine
Dot-product Engine. As discussed in Sec. 2.2, the MXFP8 dot-
product unit requires a 34-bit shifter for alignment and a 43-bit
accumulator, which results in significant area overhead. In contrast,
PRESTE normal elements use align exponent range between 0 and
6. Therefore, the dot-product engine (DPE) for normal elements can
align multiplication results using a 12-bit shifter and accumulate
with 21-bit accumulator.

Figure 6: (a) The memory layout for PRESTE data tile and tiny data
tile. (b) The overview of PRESTE system architecture. (c) The internal
structure of compute array.
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Figure 7: Simultaneous dot-product operation for the normal (a) and
tiny elements (b) within in same dot-product unit.

Figure 8: (a) The detailed diagram of dot-product engine. (b) The area
breakdown of compute array.

Fig. 7 illustrates how the DPE handles normal and tiny elements
simultaneously. For normal elements, DPE aligns the multiplication
results and accumulates them with 21-bit accumulator to generate
a partial sum (Fig. 7(a)). When an element is identified as a tiny
element, the multiplication result bypasses the alignment. Instead,
the tiny result is routed through the dedicated tiny path to the
INT2FP unit, which aligns the result based on its tiny exponent
(Fig. 7(b)). After the alignment, FP conversion unit merges the tiny
result with the normal partial sum to generate the final FP32 output.
By eliminating intermediate truncation or rounding throughout
the accumulation, PRESTE DPE maintains the FP32-level exponent
range in the final output using 21-bit accumulator.
Intra-DPE and Inter-DPE Paths. The bypass mechanism using
tiny paths for tiny results reduces the computation bit width re-
quired within the DPE. However, assigning a dedicated tiny path to
each element in 32-element dot-product introduces significant rout-
ing complexity. To address this issue, we design two levels of tiny
path: inter-DPE tiny paths and intra-DPE tiny paths [12]. Fig. 8(a)
illustrates the microarchitecture of an 8-way DPE that includes
two intra-DPE and two inter-DPE tiny paths. The multiplication
result, either enters the shifter or routes through the intra-DPE tiny
path based on the tiny tag. The dashed inter-DPE paths collect tiny
results from both intra-DPE paths and upper DPE, forward them to
the downstream DPE. As shown in Sec. 3.1, tiny elements typically
appear only once per 32-element vector. This low occurrence rate
allows us to use a small number of tiny paths, limiting overhead.
Limiting the Number of Tiny Elements. To prevent collisions
with random number of tiny elements across inter-DPE tiny paths,
a scheduler limits the number of tiny elements in each input vector
before transmitting data to the compute array. As illustrated in

Figure 9: Zero insertion to limit the number of tiny elements in each
vector.

Fig. 9, the scheduler ensures that each input vector contains no
more than N tiny elements per DPEs with N inter-DPE tiny paths.
Zero insertion is applied to fill the remaining positions in the sub-
vectors, effectively mitigating inter-DPE tiny path collisions. The
impact of this restriction is minimal because the occurrence of
tiny elements exceeding the available tiny paths is rare. A detailed
analysis of the performance impact due to the zero insertion caused
by tiny elements is presented in Sec. 5.2.
4.3 Reconfigurable DPE
We also propose a minimally modified design to improve PRESTE-8
dot-product efficiency based on the existing PRESTE-6 DPE. This
enhancement enables PRESTE-8-based GEMM operations in the
transformer attention scores, supporting precise fine-tuning. In
the PRESTE-6 format ⟨sign, 3-bit align exponent, 2-bit mantissa⟩,
values are expressed as follows :

⟨𝑠, (𝑒1, 𝑒2, 𝑒3), (𝑚1,𝑚2)⟩
Before transmitting PRESTE-6 values into the compute array, we
apply a 1-bit pre-align to the significand (including hidden bit) using
the LSB of the 3-bit align exponent. The pre-align scheme converts
3-bit significand to a 4-bit pre-aligned significand, represented by:

⟨𝑠, (𝑒1, 𝑒2), [1.(𝑚1,𝑚2) ≫ 𝑒3]⟩
More importantly, this design enables amultiplication in the PRESTE-
8 format using 4 PRESTE-R computation units. This reconfigura-
bility is useful to enhance the accuracy of LLMs by selectively
applying PRESTE-8 format for multi-head attention computations
during inference and fine-tuning, without requiring independent
PRESTE-8 computational units. Sincemulti-head attention accounts
for a relatively small proportion of the overall computation, using
multiple PRESTE-R units to conditionally support PRESTE-8 does
not incur noticeable degradation in overall computing performance.
Fig. 8(b) shows the area breakdown for compute array consist of
32x32 MACs. PRESTE-R demonstrates high area efficiency, achiev-
ing area reduction of 3.50× and 1.89× compared to Bfloat16 and
MXFP8, respectively.

5 EVALUATION
Model and Dataset. To validate the effectiveness of the PRESTE
method, we evaluate various pre-trained models [1, 31, 32, 42]. We
used the Alpaca dataset [30] for fine-tuning and evaluate CSQA
scores [3, 24, 29, 40]. We also used WikiText-2 dataset [17] for
fine-tuning and evaluate PPL using the Hugging Face evaluate [35].
Fine-tuning Hyperparameters. During fine-tuning, we applied
LoRA across all quantization methods [4, 37] and quantized ev-
ery tensors except weight gradient and optimizer states for LoRA
adapters [8]. For a fair comparison, the same hyperparameters are
used across quantization methods for each model. The fine-tuning
sequence length is set to 1024, with LoRA rank to 32. A learning
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Table 1: Fine-tuning results for different models on CSQA and per-
plexity across various quantization formats.

rate of either 1e-4 or 1e-5 is applied, and each model undergoes a
total of 100 weight update steps.
Quantization Baseline. We compared our PRESTE quantization
method with BF16 and MXFP, a state-of-the-art (SOTA) numeric
format optimized for LLM training. Our evaluation focuses on ap-
proaches that do not rely on profiling-based heuristic adjustments,
which are inadequate for edge device fine-tuning. We evaluated
two scenarios for each model: Freezing weights in the same format
as the activations or weights in the MXFP4 format. For both MXFP
and PRESTE methods, we performed computations for the multi-
head attention in MXFP-8 and PRESTE-8 formats, respectively. We
also compared our scheme with SmoothQuant [36], OliVe [5] and
Tender [13] for inference tasks. Although these methods are not
compatible with training unlike our scheme, we still evaluate them
to demonstrate the advantages of our PRESTE format in inference
applications.
Accelerator Baseline. We compared the energy consumption and
performance of BF16, MXFP, and PRESTE hardware. For MXFP,
we used hardware optimized for dot-product operations [11, 16].
OliVe and Tender support MAC operations for custom number
formats. Each PE supports 4-bit integer multiplication and 32-bit
INT accumulation for 4-bit quantized data formats.
Hardware Implementation. All designs were implemented in
Verilog and place and route were done using ICC2 with SRAM
compiler on a 28nm process for area and power measurements.
For architecture simulation, we integrate ScaleSim, LLMCompass
for cycle-level simulation and DRAMsim3 for DRAM behavior,
including tiny element overhead [14, 25, 41].
5.1 Accuracy Evaluation
Fine-tuning Accuracy. To demonstrate the effectiveness of our
method in fine-tuning LLMs, we trained and evaluated various
models on different datasets. The left side of Table 1 shows the
results of fine-tuning each model on the Alpaca dataset, measur-
ing their CSQA score. The right side of Table 1 shows the results
of fine-tuning each model on the WikiText-2 dataset and measur-
ing perplexity. PRESTE method with 8-bit precision consistently
achieves better scores than MXFP at the same precision. Addition-
ally, in most cases, the 6-bit PRESTE method outperforms 8-bit
MXFP. This improvement stems from PRESTE’s ability to preserve
tiny exponents, ensuring precise exponent representation. By pre-
serving exponents that are often compromised in conventional

Table 2: Direct inference CSQA score on StableLM-3B across various
quantization methods. The higher is better.

quantization methods, PRESTE significantly reduces errors in dot-
product computations.
Inference Accuracy. Table 2 presents detailed inference scores on
pre-trained StableLM-3B across various quantization methods. The
PRESTE method with 8-bit precision achieves better score than any
other quantization methods at the same bit precision. Compared
to inference-specialized formats, PRESTE demonstrates superior
performance even on pre-trained models. This indicates that, in
fine-tuning scenarios, PRESTE enables the deployment of more
advanced downstream models with higher performance in edge
environments.
5.2 Tiny Exponent Profiling
We intensively profiled the distribution of tiny elements of each
tensor across LLM models with various datasets. All operand ma-
trices including attention and linear modules are averaged for each
matrix and are displayed as box plots. Fig. 10(a, b) provides an ag-
gregated view of profiling data across different models with Alpaca
dataset. The results indicate a broader distribution of tiny elements
in the matrices associated with backward propagation. Fig. 10(c, d)
shows profiling results with different training steps with WikiText-
2 dataset. The average ratio of tiny elements is lower than 3% during
fine-tuning of LLaMA-2 7B model on various datasets. Overall, the
consistent proportion of tiny elements is observed, regardless of
variations in data formats, datasets and models during fine-tuning.
Based on these profiling results, we simulate the impact of tiny ele-
ment distributions on the latency of GEMM operations in hardware
including scheduling overhead.

Fig. 11 compares the latency of GEMM operations on 4096×4096
activation andweightmatrices during the fine-tuning of the LLaMA-
2 7B model. The distribution of tiny elements in both operand matri-
ces was profiled using data generated during fine-tuning. Latency
was simulated for cases where tiny elements comprised 2%, 3%, 5%,
and 10% of a matrix. The simulations considered various number of

Figure 10: Each plot shows the ratio of tiny elements in tensors
during fine-tuning process of models on different datasets.
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Figure 11: Relative latency of GEMM operation with various tiny
elements ratio. 𝑅𝑤 and 𝑅𝑎 represent the ratio of tiny elements in
weights and activations, respectively.

tiny paths for the first operand matrix, while the second operand
matrix had a fixed 3% proportion of tiny elements and 2 tiny paths.
The results indicate that with two tiny paths for each activation
and weight matrices, the latency overhead for GEMM operations re-
mains negligible, even as the proportion of tiny elements increases
in the operand matrix. Based on these findings, PRESTE incorpo-
rates 2 tiny paths for each of activations and weights, ensuring
efficient processing with minimal latency impact.

Table 3: Hardware Specification by Compute Type

Table 4: Area and Power Breakdown of PRESTE Single Core

5.3 Hardware Evaluation
Hardware Configuration. Table 3 summarizes the hardware con-
figurations based on different compute types. PRESTE demonstrates
high area efficiency in compute array, achieving area reductions
of 3.51× and 1.89× compared to Bfloat16 and MXFP8, respectively.
OliVe [5], which is designed for inference, is 1.44× larger than
PRESTE due to its 32-bit integer accumulation unit in each PE.
Therefore, to ensure a fair comparison under the same core area
constraints, the number of lanes is adjusted accordingly across con-
figurations. We also considered additional overhead introduced by
other components such as the vector unit, scheduler, and encoder.
Table 4 presents the area and power breakdown of each component
in PRESTE single core.
Analysis on Fine-tuning. We analyze area efficiency and energy
efficiency to run the fine-tuning across various models and numeri-
cal formats, with sequence lengths set to 1024 and batch sizes to 4.
Fig. 12 illustrates the TOPS/𝑚𝑚2 and TOPS/W for forward and back-
ward propagation, normalized to Bfloat16 baseline for each model.
The PRESTE configuration includes 2.5× more number of compute
unit than Bfloat16 configuration and 1.67× more unit than MXFP,
resulting in higher throughput. Moreover, decreased bit precision of
PRESTE minimizes off-chip DRAM access, thereby lowering energy

Figure 12: (a) Normalized TOPS/𝑚𝑚2 and (b) TOPS/W of PRESTE and
baseline designs during fine-tuning.

Figure 13: (a) Normalized TOPS/𝑚𝑚2 and (b) TOPS/W of PRESTE and
baseline designs during inference.

consumption. Overall, PRESTE achieves a 2.77× TOPS/W improve-
ment for the forward propagation, and 2.58× TOPS/W improvement
for the backward propagation.
Analysis on Inference. We also analyze area efficiency and energy
efficiency during the inference, using a batch size of 8 with 1024
input tokens for each model. The evaluation of area efficiency and
energy efficiency is based on the time taken to generate the 32th
token. During inference, PRESTE achieves 1.28× higher TOPS/𝑚𝑚2

than Tender, which uses multiple 4-bit MACs to compute a single
8-bit format, as shown in Fig. 13. Unlike baseline accelerators such
as Tender and OliVe, which support inference only, PRESTE sup-
ports both inference and fine-tuning while outperforming them in
inference efficiency.

6 CONCLUSION
In this paper, we propose PRESTE, a novel quantization approach
designed to preserve the precision of small exponents with the goal
of enhancing both inference and fine-tuning accuracy. The key
idea is to preserve exponents smaller than threshold that are often
truncated during the quantization process, thereby reducing the
error in dot-product computations and improving overall accuracy.
PRESTE-based LLM models show inference and fine-tuning perfor-
mance comparable to the Bfloat16-based LLM models. Additionally,
we propose PRESTE hardware that reduces the overhead associ-
ated with alignments and accumulators in the conventional FP
dot-product operations. PRESTE hardware achieves area efficiency
improvement of 1.67-2.26× and energy efficiency improvement
of 2.22-3.55× compared to Bfloat16 hardware for inference and
fine-tuning process.
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