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quantization, integrating block-level local rotation with sub-block-
level logarithmic encoding. By restricting rotation to blocks span-
ning only a subset of channels, PeLog compresses the outlier range
without over-smoothing the data distribution. At a finer sub-block
granularity, group-wise logarithmic encoding is employed for effi-
cient quantization. Moreover, the homogenizing effect of rotation
enables PeLog to dynamically allocate quantization levels within a
narrow range of logarithmic bases, further improving accuracy and
hardware efficiency. Implemented on an architecture with low-bit
logarithmic processing elements and real-time quantization units,
PeLog preserves state-of-the-art accuracy under the W4A4KV4 con-
figuration, while achieving 1.52X performance improvement and 29%
energy savings over the previous LLM accelerator.

1 Introduction

Large Language Models (LLMs) [1-3] have achieved remarkable
performance in diverse natural language processing tasks, such as
real-time conversation and translation. Despite their impressive ca-
pabilities, the massive parameter count and computational intensity
incur substantial memory and energy overhead during inference [4].
This hinders their practical use in scenarios with limited resources,
particularly for on-device applications. In this context, low-bit quan-
tization [4-17] offers a promising solution. It maps high-precision
values to low-bit representations while preserving acceptable model
accuracy. Consequently, the storage and computation overhead for
LLM deployment can be significantly reduced.

Among various methods, linear quantization is widely favored for
its simplicity. However, its uniform quantization levels struggle with
the long-tailed distributions commonly observed in LLMs [17, 18].
Although this can be mitigated by asymmetry and group-wise shar-
ing of scaling factors and zero points [10, 14], frequent floating-point
operations are introduced. In contrast, logarithmic quantization pro-
vides a finer resolution for small values and a wider coverage for
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(a) before rotation (b) after rotation
Figure 1: Logarithmic quantization for input activations of
the first FFN down projection in LLamAa3.1-8B. The grey curve

denotes the positive data distribution before quantization.

large values [17-22], naturally aligning with the long-tailed distri-
bution. Moreover, multiplication can be simplified into lightweight
additions in the logarithmic domain and shifts. This implies that
matrix multiplication, the primary computation in LLM inference,
can be implemented in a more hardware-friendly manner.

Nevertheless, in low-bit settings, logarithmic quantization is in-
herently restricted by the absence of explicit outlier awareness. In
LLMs, outliers are not isolated anomalies but span a relatively wide
range of values [8, 23]. As presented in Fig. 1(a), since the step sizes of
logarithmic quantization increase exponentially, handling large out-
liers not only force small values to underflow to zero but also rounds
normal outliers to coarse quantization levels. This incurs substantial
quantization errors. Therefore, effective outlier mitigation is essential
to make logarithmic encoding viable for low-bit LLM quantization.

Rotation [4-9] is an elegant way to address the outlier problem. It
performs orthogonal transformations on pre-quantization tensors to
redistribute outliers and reduce anisotropy, thereby reducing quan-
tization difficulty without accuracy degradation. However, direct
integration of logarithmic quantization and rotation introduces a
certain misalignment. As illustrated in Fig. 1(b), by its mathematical
nature, rotation typically reshapes the data into a near-normal distri-
bution, where the shoulders exhibit appreciable data density [7]. In
contrast, logarithmic quantization provides exponentially increasing
step sizes. This leaves shoulders of the reshaped distribution with
low resolution, thus increasing quantization errors.

Furthermore, optimizing logarithmic quantization itself for higher
precision, such as layer- or tensor-wise base selection [19-22], incurs
additional hardware overhead due to base switching and alignment.
This further limits its practical use in efficient LLM quantization.

Based on the preceding analysis, two crucial questions should
be answered: (1) How can rotation be leveraged to fully unlock the
potential of logarithmic encoding in low-bit LLM quantization? (2)
How can logarithmic encoding be further refined to achieve a favorable
balance between accuracy and hardware overhead?

To this end, we propose PeLog, a novel framework for low-bit LLM
quantization that elegantly integrates multi-base logarithmic encod-
ing with lightweight rotation. By introducing local rotations with
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tunable scopes instead of global rotation over the entire tensor, the
range of outliers is effectively compressed, while preserving a certain
degree of long-tailed characteristic amenable to logarithmic quanti-
zation. Meanwhile, leveraging the homogenizing effect of rotation on
different distributions, we dynamically allocate quantization levels
across a narrow range of bases. This preserves the high precision
of multi-base logarithmic encoding while significantly reducing the
overhead of its hardware implementation. Our main contributions
are summarized as follows:

e We propose a hierarchical quantization framework with block-
level rotation and sub-block-level logarithmic encoding. The
rotation scope is strictly restricted to blocks spanning a subset
of channels, while group-wise logarithmic encoding is applied
at a finer sub-block level for better adaptability. This effectively
mitigates misalignment between logarithmic encoding and the
data distribution after rotation.

e To balance quantization quality across value ranges, we dynami-
cally allocate quantization levels to different logarithmic bases
and smooth step size transitions at allocation boundaries using
offsets. Benefiting from the homogenizing effect of rotation, these
bases can be confined to a narrow range, which further improves
hardware efficiency.

e We develop a sequential search strategy based on the learning
space partitions algorithm. It determines optimal rotation scopes
and base allocations, thus enhancing quantization accuracy.

o We design a systolic array-based architecture for LLM inference at
4-bit precision. It uses logarithmic processing elements to achieve
multiplier-free matrix multiplication, and integrates real-time
quantization units for configurable rotation and encoding.

Experimental results demonstrate that at W4A4KV4 precision,
PeLog delivers higher accuracy across diverse downstream tasks
than representative rotation-based methods [6, 8], while preserving
favorable language modeling capability. Furthermore, compared to
existing accelerators LightRot [7] and Tender [24], the PeLog acceler-
ator achieves a performance improvement of 1.20-1.52% and reduces
energy consumption by 11-29%.

2 Background

2.1 Linear and Logarithmic Quantization
Mainstream quantization methods typically map high-precision
value (e.g., in IEEE FP16 format) to low-bit value in either linear
or non-linear domains. This reduces the memory and computation
overhead for LLM deployment. In linear quantization, the quantiza-
tion levels are uniformly spaced in the linear domain, leading to a
constant step size between adjacent dequantized values. For example,
a typical linear quantization function can be formulated as follows:

q:clamp({gw,—zN_l,ZN_l—1), (1)

where x and g are the original and quantized values, respectively. S
is the scaling factor, N is the number of bits in quantized data format,
and | -] is the rounding operation. The function clamp(-) restricts ¢
to the representable range of the quantized data format.

Unlike linear quantization, logarithmic quantization uses levels
uniformly spaced in the logarithmic domain. Therefore, the dequan-
tized values exhibit progressively increasing step sizes, providing a
finer resolution for small values and wider coverage for large values.
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Figure 2: Schematic of applying offline and online rotations to
a specific LLM layer. Matrices (R; ~ Ry) involve in this process.

A base-2 quantization function can be formulated as follows:

q = clamp ({—log2 (';-'ﬂ,o, A 1) . (2)

In this case, the dequantization function can be expressed simply
asx =S - Sgn(x) - 279, where Sgn(-) is the sign function. It is worth
noting that logarithmic representations enable multiplier-free matrix
multiplication using lightweight adders and shifters [17].

To further improve effectiveness, the aforementioned quantiza-
tion methods can be applied in a group-wise manner [10-16]. By
partitioning tensors into fine-grained groups and sharing parameters
such as the scaling factor S within each group, a favorable balance
between model accuracy and hardware efficiency can be achieved.

2.2 Quantization with Rotations

Outliers in LLMs degrade the resolution of quantization for normal
values. Although Eq. (2) provides a finer resolution near zero, the
outlier-induced increase in scaling factor S still forces many normal
values to be rounded to zero, thus introducing significant quantiza-
tion errors. Since outliers are crucial for maintaining the functional
integrity of LLMs, directly clipping them can lead to severe accuracy
degradation [13]. Moreover, isolating these outliers in groups with
higher precision [25-28] incurs substantial overhead for grouping
and mixed-precision processing.

Rotation elegantly addresses the outlier problem by reshaping the
data distribution through matrix rotation [5, 6]. As shown in Fig. 2, it
inserts a pair of orthogonal matrices R and R™! into the linear layer,
where R rotates the activations and R™! is absorbed into the adjacent
weight matrix. This operation preserves model equivalence while
mitigating outliers, thus facilitating robust quantization.

Rotations can be categorized into offline and online modes for
practical deployment. As illustrated in Fig. 2, for offline rotations,
the constructed matrix pair (e.g., R, and R;!) can be fully absorbed
into the two adjacent weight tensors before inference. For online
rotations, at least one matrix must be executed during inference due
to prior operations like RoPE, incurring additional runtime overhead.
Although online rotations can be simplified to a series of additions
by applying Walsh-Hadamard matrices with recursive construction:

1
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and fast Hadamard transform (FHT) [5, 6, 9, 29], heavy data depen-
dencies and excessive addition operations still pose challenges for
hardware efficiency [7].
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Figure 3: Two observations on complementary benefits of logarithmic quantization and rotations. (a) Left: the smoothing effect
of local rotations on input activations of the 26" FFN down projection in LLama3.1-8B. Right: corresponding errors under
group-wise linear/logarithmic quantization. (b) Left: Activation distributions in two LLama3.1-8B layers with and without
rotations. Right: allocation breakdown of logarithmic bases across related activation tensors in LLama3.2-3B and 3.1-8B.

3 Motivation

As discussed in Section 1, logarithmic quantization is promising
but limited in low bit widths due to the wide range of outliers. While
rotation mitigates outliers, directly applying it to assist logarithmic
quantization introduces misalignment. Therefore, starting from po-
tential modifications to both methods, we explore ways to eliminate
misalignment and further improve quantization efficiency.

Observation 1: Logarithmic quantization fits well with the
data distribution induced by local rotations. While global ro-
tation amortizes the influence of outliers across the entire tensor
for better quantizability, it incurs non-negligible online overhead. In
fact, local rotation within a certain scope (e.g., a group of channels)
can also effectively mitigate outliers, consistent with observations in
[4, 7]. This implies that the tensor can be smoothed by a set of small
rotation matrices, greatly reducing computational complexity.

Notably, the smoothing capability of local rotation varies with its
scope [4]. The left part of Fig. 3(a) illustrates the smoothing effect
of local rotation on data distributions, with the rotation scope set
to n activation channels. Local rotations also compress the range of
outliers, while the resulting data distribution exhibits more evident
long-tailed characteristics as the scope n decreases (e.g., from 512 to
64). In this case, linear quantization once again suffers from underflow,
forcing many small values to be rounded to zero. Even with group
quantization, the resulting errors remain non-negligible, as shown
in the right part of Fig. 3(a). In contrast, logarithmic quantization
fits well with this long-tailed distribution devoid of large outliers,
effectively reducing the quantization errors. Taking the case of n =
64 in Fig. 3(a) as an example, it further reduces the Wasserstein
distance [30] D,, by 72% compared to linear quantization.

Based on the above observation, it is beneficial to integrate the
logarithmic quantization with local rotations, thereby balancing the
cost of rotation and the accuracy of logarithmic quantization. This
motivates our hierarchical quantization framework in Section 4.

Observation 2: Adjusting the logarithmic base within a nar-
row range is sufficient for quantization with rotations. Adaptive
adjustment of the logarithmic base by empirical rules or systematic

search improves quantization performance [18-22]. In practice, the
adjustable range of base is limited to 27 (y € Z), suchas {V2, V2, 2, 4}.
This enables base conversion through simple exponent shift.

Among the base options, a larger base provides a wider dynamic
range and better hardware efficiency, at the cost of coarser granularity.
In contrast, a smaller base provides finer granularity, but increases
hardware overhead due to additional fraction handling from exponent
shift. In conventional quantization scenarios, since data distributions
can exhibit noticeable variation across quantization-related activation
tensors (i.e., the activations to be quantized at different stages in
Fig. 2), a wide range of base adjustment is needed to preserve model
accuracy [19, 20, 22]. Consequently, the hardware necessitates more
complex base switching and multi-bit fraction handling.

Rotations reshape diverse data distributions into more regular
forms, thereby reducing distributional variation across quantization-
related activation tensors [6]. As illustrated in the left part of Fig. 3(b),
rotations transform activation distributions into more comparable
forms in terms of zero-centered symmetry and probability density
spread. This homogenizing effect makes certain bases designed for
specific distributions unnecessary. For example, the right part of
Fig. 3(b) compares base allocations across activation tensors with and
without rotations. These bases are determined during post-training
quantization (PTQ) using the fast progressive combining search in
AdaLog [20]. The results indicate that the range for base adjustment
can be narrowed to primarily 2 and V2 after rotations.

Based on the above observation, it is beneficial to refine exist-
ing base allocation strategy to capitalize on the narrowed adjustment
range, thereby reducing both the search complexity and hardware
implementation overhead. This motivates the dynamic allocation of
quantization levels across logarithmic bases in Section 4.2.

4 Rotation-Assisted Logarithmic Encoding
Motivated by observation 1 in Section 3, we propose a hierarchical
quantization framework comprising block-level rotation and sub-
block-level logarithmic encoding. Given a tensor to be quantized,
it is partitioned into blocks along the channel dimension based on the
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Figure 4: Block-level rotation on the input activation tensor of FFN down projection.

rotation scope, with each block rotated individually for outlier range
compression (Section 4.1). Each block is further partitioned into sub-
blocks of fixed size, where values undergo logarithmic encoding with
a shared scaling factor. Inspired by observation 2, encoding efficiency
is enhanced by the dynamic allocation of quantization levels across
a narrow range of bases (Section 4.2). To maximize quantization
performance, an offline sequential search based on learning space
partitions is developed to determine the optimal scope for each type of
rotation and quantization level allocation for each tensor (Section 4.3).

4.1 Block-Level Rotation

As discussed in Section 3, local rotations within a restricted scope
n assists logarithmic encoding in reducing quantization errors. To en-
able these local rotations, the tensor should be properly partitioned
prior to quantization. Considering the channel-specific nature of
outliers, we partition the tensor into blocks along the channel di-
mension, where each block contains n channels (i.e., the scope of
local rotation). The rotation is then applied locally within each block.
For better performance of subsequent quantization, we set n as a
tunable parameter, which can be determined during the calibration
stage of PTQ. Meanwhile, to enable efficient rotations based on the
Walsh-Hadamard matrix in Eq. (3), n is restricted to powers of two. If
the number of channels is not an integer multiple of n, zero padding
is applied for alignment.

Taking the activation tensor in Fig. 4 as an example, it has d
channels, where d is not divisible by n. To fully partition the tensor
into m € Z blocks, zero padding is applied to extend it with m X n—d
additional channels. After padding and partitioning, each block is
independently transformed using an n-dimensional Hadamard matrix
H,, for rotation. To preserve equivalence, during the offline fusion
of inverse rotation matrices, the associated weight tensor is padded
with zeros in the corresponding channels. The padded weight tensor
is then partitioned into m blocks along the channel dimension, with
each block fused with the inverse Hadamard matrix H;, .

Block-level rotation offers two benefits: (1) It redistributes outliers
within only n channels, compressing the range of outliers without
over-smoothing the long-tailed data distribution. (2) By applying a
set of small Hadamard matrices with fewer total elements, it reduces
substantial cross-channel arithmetic operations, thus effectively im-
proving computational efficiency.

4.2 Sub-Block-Level Logarithmic Encoding

After block-level rotation, the outlier range within each block is
compressed, while the data distribution retains a certain long-tailed

characteristic suitable for logarithmic quantization. Since quantiza-
tion with finer group sizes (e.g., 16 and 32) often outperforms that
with coarser ones [12, 13, 16], each block is further partitioned into
smaller sub-blocks of 16 contiguous values along the channel dimen-
sion. In each sub-block, all values share a scaling factor stored solely
as an exponent, with the scaled values individually mapped to low-bit
integers in the logarithmic domain. Consequently, the quantized rep-
resentation of a value x; consists of three parts: (1) a shared exponent
E, which can be decoded as a scaling factor that scales all values
strictly into [0,1); (2) the sign Sgn(x;); and (3) a logarithmic code g;.
As shown in the left part of Fig. 5, the shared exponent is stored once
per sub-block, whereas the sign and logarithmic code are maintained
per value using N-bits.

Typically, the value before quantization is represented in floating-
point format as x; = Sgn(x;) - 2Fi . M;, where E; is the exponent and
M,; is the normalized mantissa with implicit leading 1. Therefore, the
shared exponent E is obtained as one plus the maximum exponent
Eax across all values within the sub-block, i.e., Es = Ejax + 1, with an
extra bit allocated to prevent overflow. Meanwhile, the scaled value
X; € [0, 1) can be easily calculated as:

oWl
ey M; >> (Emax + 1 - Ey), 4)
where >> is the right shift operation.

To map X; to the code g;, the multi-base logarithmic encoding is
adopted. As indicated by observation 2 in Section 3, adjusting the
logarithmic base within a narrow range is sufficient after rotations.
Therefore, we replace conventional layer-wise or tensor-wise base
selection with a dynamic allocation of quantization levels across mul-
tiple bases. For hardware simplicity, we restrict the bases to 2 and V2,
with their efficacy also supported in Fig. 3(b). A tunable integer L
is introduced to govern the allocation of levels. As presented in the
right part of Fig. 5, among the 2N~! available levels, levels in [0, L]
are assigned to base V2, while those in (L, 2V 1) are assigned to base
2. To avoid abrupt increase in encoding step size at the boundary be-
tween the two bases, an offset of % is applied to base 2 conditions for
smooth connection. Accordingly, the proposed logarithmic encoding
function for %; € [0,1) can be formulated as follows:

clamp(L—logﬁ(JEi)'l, 0, L),
clamp( % —log,(%)], L+1, 2N71 - 1),

x>T

®)

- -’?i <T

where T determines which base to use for encoding ;. To facilitate
nearest-level mapping, it is defined as the arithmetic mean of the
decoded values for level L (base V2) and L + 1 (base 2), i.e, T =
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With a tunable L, the above method can adaptively balance the
resolution of small values and the granularity for larger values. More-
over, it reduces the alignment overhead for adjusting base within
a wide range, while obviating the need for codebook generation
and floating-point operations [18, 20] that are inefficient for online
activation quantization.

4.3 Offline Search Strategy

Our proposed hierarchical quantization framework introduces
two tunable parameters: (1) the rotation scope n, which is restricted
to powers of 2; (2) the integer L for quantization level allocation.
As discussed in Section 2.2, four rotation matrices {Ry, Ry, R3, Ry}
participate in the computation process of a transformer layer. There-
fore, corresponding rotation scopes {ny, nz, ns, ns} are prepared for
them. To balance the compression efficacy of outlier range and the
computational overhead, we further restrict these rotation scopes to
2¢,e € {5,6,7,8,9,10}. Notably, R; is shared by the entire model and
R, ~ Ry are layer-specific [6]. In this case, the scope n; is a global
parameter for the model, while n, ~ ny can be independently deter-
mined for each transformer layer. Moreover, the integer L € [0,2N~1)
is determined for each quantization-related tensor, where N is the
bit width of quantized values.

Jointly optimizing these parameters across the entire model in-
duces an intractably large search space. Advanced PTQ methods
address this by optimizing one transformer layer at a time, where the
optimally quantized output of each layer is propagated to the next
[31, 32]. This sequential search over transformer layers mitigates the
accumulation of quantization errors within each layer, while keep-
ing our joint search over layer-wise {n,, ns, ns} and tensor-wise L
tractable. For the global parameter n;, which cannot be optimized in
a layer-wise manner, we repeat the aforementioned sequential search
over its 6 candidate values to identify the optimal configuration.

To improve search efficiency within a transformer layer [, we
develop a search flow based on learning space partitions [33]. For bet-
ter search stability, we reparameterize {ny, n3, n4} as their exponent
{ez, €3, e4} during optimization. As a result, the search flow operates
in search space QW ={Ly, ..., Ly, ey, €3, 4}, where ¢ is the number of
quantization-related tensors in [. Over N calibration data, its objec-
tive is to minimize the mean square error (MSE) between the full
precision layer output Y and the quantized layer output Y,, under
the configuration w € Q1) ie., MSE(w) = N%HY ~Y, % Learning

Algorithm 1: Search with Learning Space Partitions

Input: Set of initial sampled configurations Py, iterarion limit Ip,y.
Output: Optimal configuration wpest.
1 for i < Iy do

/* Step 1: Recursive Space Partitioning x/
2 Reset tree T with root Qo0 «— Q) queue Q.insert (Qroot);
3 while Q # 0 do
4 Q; « Qpop(), Pij « PinQ;;
5 if P;; has sufficient configurations then
6 7 < median({MSE(w)|w € P;i;});
7 fP;’j(—{wlwefPij, MSE(w) ST},(P&(—?U\{P;'J.;
s Train SVM with (P;'j and (Pi'j to learn the boundary;
9 Expand T with Qr, Qg partitioned from Q; via SVM;
10 Q.insert(Qr,Qr);
/* Step 2: Subspace Selection x/
11 Q¢ — Qroot;
12 while Q. is not a leaf of T do
13 01, Q; « get the children of Q;
14 Q. < argmaxqe(q,,0,) UCB(RQ); // In Eq. (7)
/+ Step 3: Search within the Subspace */
15 Prew < DiffEVO(MSE(w),Qc), Pit1 «— Pi U Prew;
16 Wpest < argming,ep,, | MSE(w)

17 return wpegt

space partitions aims to identify the most promising subspace and con-
centrate the search within it, thus effectively reducing the sampling
cost for MSE minimization.

The search flow is detailed in Algorithm 1. It is initialized with
a set of configurations Py randomly sampled in Q) followed by
a three-step iterative process: (1) recursive space partitioning with
support vector machine (SVM), (2) subspace selection based on upper
confidence bound (UCB), and (3) search within the selected subspace
using discrete differential evolution [34]. Inspired by the Monte Carlo
tree search framework in [33], we build a tree T that effectively assists
in space partitioning and selection, where each node is a subspace of
QO In step 1 (Line 2-10), T is recursively grown from the root node
representing Q). Specifically, for a given node Q;, we extract the
set P;; of configurations sampled within it. If P;; contains sufficient
configurations, we divide it into two subsets, ﬂ’;" and P} based on
the median MSE 7. Both subsets are used to train the SVM classifier.
At this point, the SVM can partition Q; into promising and non-
promising subspaces, which naturally expands T with two leaf nodes,
denoted Q; and Qg, respectively.

To select the smallest subspace (i.e., a leaf node) worthy of further
search, step 2 (Line 11-14) traverses T from the root by sequentially
choosing the child node with better UCB:

UCB(Q) = -NL Z MSE(w) + C+y/(InN?)/N,,, )

WweQ

where N, and N, are the numbers of configurations in node Q and
its parent node, respectively. C denotes the exploration parameter.
In step 3 (Line 15-16), discrete differential evolution is employed
for efficient search within the selected subspace Q.. Firstly, Latin
hypercube sampling [35] expands sampled configurations in Q. to
enhance coverage. The search is then driven by mutation. It gener-
ates offspring wpey from a parent wy, through DE/current-to-pbest:
Wnew = round(wm +Fm- (wpbest _wm) +Fm- (wrl _wrZ))) where Wpbest
is selected from the top 10% configurations with the lowest MSE, w1,



Figure 6: Architecture of PeLog accelerator.

wrz are exclusive random configurations, and F, is the differential
weight. Subsequently, binomial crossover recombines the parameters
from offspring wyew and parent w,, with probability CR,,. Both F,
and CR,, are self-adaptive following [36]. Notably, all out-of-bound
offspring are strictly clipped to the nearest integer boundaries in Q..

5 PeLog Architecture

To leverage the hardware efficiency of the PeLog algorithm, we
design an accelerator based on a systolic array architecture [13], and
carefully modify it to align with our quantization flow. It integrates
multiplier-free PE (Section 5.1), along with real-time quantization
unit for logarithmic encoding and configurable rotation (Section 5.2),
effectively supporting LLM inference under 4-bit quantization.

Fig. 6 illustrates the architecture overview of the PeLog accelerator.
It employs a 16X16 systolic PE array operating in an output-stationary
manner, where each PE computes a 16-way dot product without mul-
tipliers. Quantized tensors are stored in weight and activation buffers.
Tensor-wise integers L for quantization level allocation are stored in
a global register and broadcast to all PEs. Weight tensors are rotated
and quantized offline, while activation tensors are processed by the
real-time quantization unit (RQU). In RQU, a configurable rotation
unit performs the block-level fast Hadamard transform with rotation
scope n, while logarithmic encoders conduct 4-bit group quantization
at a finer sub-block-level. Each PE receives weight and activation
sub-blocks together with L to perform the 16-way dot product with
integrated dequantization. The resulting partial sums are collected
by the accumulator for post-processing. The special function unit
(SFU) performs non-linear and element-wise operations.

5.1 PeLog Processing Element

The PeLog PE, as shown in Fig. 7, performs a multiplier-free 16-
way dot product through three steps: D logarithmic-domain addition,
@ log-to-linear conversion, and @ linear-domain summation. The
first two steps are executed in a 16-way parallel manner, and the last
step is carried out by an adder tree. According to Egs. (5) and (6), our
encoding employs bases V2 and 2, with an offset of L introduced
for base 2 encoding. Therefore, step @ requires base alignment and
offset compensation before performing the addition.

In step @, for each weight-activation pair, their sign bits Sgn{
and Sgn;” are fed into an XOR gate to determine the sign of product
Sgn’. Meanwhile, the logarithmic code g of activation/weight and the
tensor-wise L are passed to a preprocessing unit (P-unit). The P-unit
employs a comparator to determine the encoding base of the code
and processes it accordingly. If ¢ < L, the code is encoded with base
V2. To align it with the base 2 domain, the P-unit right-shifts it by one
bit through fixed wiring. Otherwise, the code corresponds to base 2,
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Figure 7: The multiplier-free PE for 16-way dot product.

and the offset % is subtracted from it. With an input logarithmic code
of 3-bit, the P-unit outputs a fixed-point number with a 3-bit integer
part and a 1-bit fractional part (i.e., UQ3.1 format). As the processed
logarithmic codes of the activation and weight share the same fixed-
point format, they are summed by an integer adder without fractional
alignment, thus yielding the product in the logarithmic domain.

In step @, each product P in the logarithmic domain is converted
back into the linear domain via 27F. Since P is unified into the base 2
domain, the conversion is achieved by right-shifting the exponential
of its fraction part Pg,c by the integer part Py, i.€., 2 Phac >> P
Benefiting from our encoding, Pg,. contains a single bit, allowing
a 2-to-1 MUX to directly select between 2° and 27%. To facilitate
subsequent intra-PE summation and conversion to FP16 during ac-
cumulation, these two constants are pre-scaled into 11-bit integers
(1024 and 724). The selected integer is then right-shifted by Py and
truncated to 11-bit, thus obtaining the linear-domain product.

In step 3, 16 linear-domain products are summed by a 4-level adder
tree, which progressively halves the operands by pairwise addition to
obtain the partial sum. Notably, the partial sum is associated with a
scaling factor stored in exponent form, which can be easily calculated
by summing the shared exponents of the weight and activation sub-
blocks. This exponent-based representation simplifies subsequent
normalization, alignment and bias correction in the accumulator.

5.2 Real-time Quantization Unit

The real-time quantization unit consists of a configurable rotation
unit and logarithmic encoders. The rotation unit supports rotations
with scope n = 2%, e € {5,6,7,8,9,10}, while each logarithmic en-
coder performs group quantization over 16 values per sub-block.

The rotation unit is designed based on the fast Hadamard trans-
form (FHT). We achieve configurability by reusing a single 5-stage
FHT core. The core follows the design in [7] and integrates 32
add/subtract units per stage, enabling the 5-stage pipeline to com-
pute a 32-way FHT defined by Hs; in one pass. Leveraging Kronecker
decomposition Hze = Hye-s ® Hsy, the full FHT is realized through
two-pass reuse of the core. In the first pass, the core activates 5 stages
to compute the FHT defined by Hs; and stores the results in the
register file. In the second pass, the results are read back with a stride
of 32. Partial gating activates the first e — 5 stages of the core, each
with 2¢7° add/subtract units, to complete the FHT defined by Hye-s.

As shown in Fig. 8, the logarithmic encoder follows the encoding
flow in Section 4.2, including shared exponent extraction, value scal-
ing, and mapping. First, the exponents of FP16 activations within
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Figure 8: The logarithmic encoder of PeLog accelerator.

each sub-block are processed by a comparator tree to identify their
maximum. The shared exponent EZ for value scaling is obtained
by adding 1 to the maximum. To avoid costly barrel shifters, the
shift-based scaling in Eq. (4) is converted to subtraction in the log-
arithmic domain. Specifically, the mantissa M; of each activation
is converted to a fixed-point logarithmic value M:Og =log,(M;) by
Mitchell approximation with simple LUT-based correction [37]. In
this case, the scaled value can be obtained with lightweight subtrac-
tors, i.e., Ml!‘)g — (E2 - E;). Accordingly, the threshold T in Eq. (5) is
precomputed as a logarithmic value Ty, matching the format of the
scaled value. The MUX then determines the mapping result: if the
scaled value is not smaller than Tj,g, it is left-shifted by one bit to the
base V2 domain; otherwise, an offset % is subtracted from it. Finally,
the sign of the mapping result is discarded, followed by adding 0.5
and truncating to an integer for logarithmic code generation.

6 Experiments

Evaluation Scenarios. We evaluate PeLog on four representative
open-source LLMs of different scales from two families, including
Lrama2-7B, LLama2-13B [2], LLaMA3.2-3B, and LLama3.1-8B [3]. The
performance of quantized models are assessed on downstream tasks
and language modeling. For task-level evaluation, we conduct zero-
short inference on Arc-easy/challenge [38], BoolQ [39], PIQA [40],
and WinoGrande[41], which reflect the model’s performance on tasks
such as commonsense reasoning and causal inference. To evaluate
the language modeling capability, we measure the perplexity (PPL) of
models on WikiText-2 dataset [42]. These evaluations are conducted
on two NVIDIA RTX 6000 Ada GPUs with a total 96GB VRAM.
Quantization Method. At the algorithmic level, we compare PeLog
with three rotation-based linear quantization methods: (1) SpinQuant
[6], (2) Duquant [8], and (3) LightRot [7]. SpinQuant integrates global
rotation with asymmetric group quantization and improves quality
through trainable rotations. DuQuant employs a two-stage local
rotation with an intermediate permutation to enhance smoothing
capability. LightRot combines local rotation featuring a fixed scope of
128 with asymmetric group quantization. Given the lack of prior low-
bit logarithmic quantization methods for LLMs, we adapt AdaLog [20]
(a multi-base method originally for ViTs) as a baseline and enhance it
with group-wise scaling. We also include a variant of PeLog PeLog-G
that uses greedy search to optimize quantization configurations.

As most of the aforementioned methods tune the quantization
configurations during PTQ, we randomly select 128 samples from the
Pile dataset [43] for calibration. Since sampling affects the searched
configurations, all evaluation results are averaged over 10 runs. The
offline search in Section 4.3 is initialized with 50 configurations and
runs up to 60 iterations if not converged. The SVM for space partition-
ing employs a polynomial kernel with degree 4, UCB constant C for

Table 1: Zero-shot accuracy (7) of different quantization meth-
ods on downstream tasks under the W4A4KV4 setting.

[ Model [ Method [ Arc-e.  Arc-c.  BoolQ  PIQA  WinoG. |
FP16 7523 46.41 7718 79.06 69.53

SpinQuant | 72.18 4170  73.85  77.19 66.02

DuQuant 6601 3932 7144 7636 64.79

Lrama2-7B | LightRot 7273 4369 7560  78.18 67.72
(q: 4-4-4) AdaLog 5928  31.91 68.55  65.03 55.24
PeLog-G 7190 4296 7505  77.52 68.38

PeLog 7335 4401 7613  78.20  69.01

FP16 7796 51.09  80.02  80.33 72.12

SpinQuant | 7632 4753 7944  78.17 67.99

DuQuant 7183 4612 7630  78.05 68.18

Lrama2-13B | LightRot 7647 4872  77.68  79.33 70.96
(q: 4-4-4) AdaLog 61.80 3934 7031  68.28 59.00
PeLog-G 7635  47.61 7790 7833 70.91

PeLog 77.03 4795 7824  79.19 71.74

FP16 6892 4755  79.10  76.12 66.80

SpinQuant | 6404 4198 7538  74.76 63.59

DuQuant 6182 4207 7115 74.22 62.06
Lrama3.2-3B | LightRot 66.09 4317 7572  75.10 64.92
(q: 4-4-4) AdaLog 4975 2990 6683 5803 49.11
PeLog-G 6569 4263 7609 7478 65.30

PeLog 66.83  43.80  77.33 7492 66.09

FP16 7771 5426 8311  80.72 73.30

SpinQuant | 75.02  47.29 7690 _ 79.00 68.18

DuQuant 7100 4462 7631 7735 67.92
Lrama3.1-8B | LightRot 78.49 4940  79.66  80.25 70.09
(q: 4-4-4) AdaLog 6331 4083  70.19  66.10 59.61
PeLog-G 77.09 4916 7828  78.13 69.44

PeLog 7763 5124 8057 80.30  71.67

subspace selection is 0.15 X (MSEpax — MSEnmin), and the population
size of differential evolution for subspace search is 10.
Hardware Implementation. The PeLog PEs, the real-time quanti-
zation unit, and associated components in Section 5 are implemented
in Verilog. They are synthesized by Synopsys Design Compiler [44]
using industrial 28nm technology to obtain power and area statistics.
The latency and power of the on-chip buffers are estimated using
CACTI [45]. Additionally, following the evaluation methodology in
[46], we develop a cycle-accurate simulator to evaluate the end-to-
end performance of the PeLog architecture and related baselines.
At the hardware level, we compare PeLog with: (1) Tender [24] and
(2) LightRot [7]. As a representative LLM accelerator, Tender isolates
outliers by grouping channels, and uses shifts for inter-group scaling
to mitigate floating-point overheads. LightRot is effective due to local
rotation and asymmetric group quantization, but relies on floating-
point operations for scaling and zero point compensation. For a fair
comparison, all designs are synthesized using 28nm technology at
1GHz with a 0.9V supply voltage, and evaluated under iso-compute-
area constraints, consistent with the setup of Tender [24].

6.1 Accuracy Analysis

Task-level Evaluation. We compare the zero-shot accuracy of dif-
ferent methods on downstream tasks under the W4A4KV4 precision,
with the results summarized in Table 1. Meanwhile, the quantization
settings of these methods, such as the precision of scaling factor (SF)
and zero point (ZP), are detailed in the left part of Table 2.
According to the results in Table 1, our PeLog incurs negligible
accuracy loss across different models compared to the full-precision
baseline. In most cases, PeLog achieves higher accuracy than the
leading rotation-based method LightRot, particularly on BoolQ and
WinoGrande tasks. This demonstrates the effectiveness of logarithmic
encoding on data after local rotation. Although AdaLog [20] without
rotation provides fine-grained adjustment of the logarithmic base,



Table 2: Comparison of perplexity (]) on WikiText-2 dataset and quantization settings across different methods. The gray
numbers denote the perplexity variation caused by the random sampling of calibration data for configuration search.

Precision Settings .
Method W-A-KV  Scaling Factor  Zero Point Rotation | Lrama2-7B  Liama2-13B  Lrama3.2-3B LrAama3.1-8B
FP16 16-16-16 - - - 5.51 +0.00 4.90 +0.00 10.72 +0.00 6.13 +0.00
Tender 8-8-16 FP16 - - 5.79 +0.03 5.06 +0.03 11.31 10,08 6.86 +0.02
AdaLog 6-6-6 FP16 - - 9.03 40.04 6.61 +0.01 18.08 10 .10 9.58 +0.02
Tender 4-4-16 FP16 - - 36.44 +0.09 53.90 4031 401.96 +6 .20 31.73 4+0.11
SpinQuant 4-4-4 FP16 FP16 v 5.95 +0.03 5.40 +0.02 11.39 +0.04 7.40 +0.02
DuQuant 4-4-4 FP16 FP16 N 6.10 +0.02 5.38 10.02 12.05 +0.05 7.91 10.04
LightRot 4-4-4 FP16 FP16 N 5.71 +0.02 5.09 +0.02 11.14 +0.03 6.96 +0.02
AdaLog 4-4-4 FP16 - - 12.72 +0.05 7.58 +0.05 35.39 40.12 14.46 10,04
AdaLog-R 4-4-4 FP16 - v 5.90 4+0.05 5.36 +0.03 11.47 1007 7.37 +0.03
PeLog-G 4-4-4 INT6 - v 5.71 +0.03 5.28 +0.04 11.24 ¢ 07 7.22 +0.04
PeLog 4-4-4 INT6 - v 5.66 +0.02 5.11 40,01 10.97 +0.04 6.92 +0.01
C—PeLog @aLightRot T Tender
o 1 Table 3: Area and power breakdown of PeLog accelerator.
g, 0.79 0.82 0.7 0.79
& 08 0.65 0.70 0.63 0.66 | Component | Description | Area (mm?) Power (mW) |
= 0.6
g H H H H PE Array 16X16 PEs & psum accum. 0.36 (17.1%)  382.53 (66.5%)
Z 04 Rotation Unit Configurable FHT 0.05 (2.4%) 9.06 (1.6%)
LLAMA2-7TB LLAMA2-13B LLAMA3.1-8B Geo. Mean Log Encoder 1X16 group encoding 0.02 (1.0%) 11.83 (2.1%)
On-chip Buffer | W/A: 64+8KB, global: 256KB 1.40 (66.7%) 157.29 (27.4%)
—JStatic DRAM @ Buffer mmmCore Others SFU, controller, etc. 0.27 (12.9%) 14.07 (2.4%)
=1
%j 0.8 018 0.2 0.69 %7 071 %8
= 82 and incurs the highest latency. Benefiting from elegant outlier mit-
£ 02 igation via rotation, both PeLog and LightRot significantly reduce
Z 0 o RO FaS RO latency. By eliminating multipliers and floating-point dequantization,
N o> > N . .
Q%@}*\ <& Q‘Z\e}@ <& QC\@“‘ <& Q‘i}@}‘“ <& PeLog packs more PEs under the iso-compute-area constraint to en-
LLAMA2-7B LLAMA2-13B  LLAMA3.1-8B Geo. Mean hance performance. Consequently, PeLog achieves 1.52X and 1.20X

Figure 9: Comparison of normalized latency (measured by
cycle count) and energy consumption in different accelerators.

it exhibits the worst accuracy across all tasks. This indicates that
rotation is essential for logarithmic encoding to mitigate outliers
spanning a wide range. Moreover, PeLog outperforms its greedy
search variant PeLog-G, highlighting the advantage of our offline
sequential search with learning space partitions.

Evaluation of Language Modeling Capability. Table 2 presents
the PPL comparison of different methods on WikiText-2 dataset. We
also list the PPL variation across 10 runs to show the stability of the
configuration search. To broaden the evaluation, we further introduce
Tender [24] at 8-bit and 4-bit precisions, along with AdaLog-R, an
AdaLog variant integrating our tunable local rotation. According to
the results, our PeLog maintains low PPL across all cases, especially
on LLamA2-7B and LLama3.2-3B, where it outperforms 8-bit Tender.
Compared to LightRot, PeLog achieves better or comparable PPL
while eliminating the need for floating point SF and ZP.

While AdaLog struggles at 4 and 6 bits, AdaLog-R achieves a
substantial reduction in PPL thanks to our tunable local rotation.
By dynamically allocating quantization levels to logarithmic bases,
PeLog still outperforms AdaLog-R without complex base adjustment.
In addition, PeLog exhibits minimal PPL variation, which further
reflects the stability of our offline sequential search.

6.2 Performance, Power and Area Evaluation

We evaluate the performance and energy consumption of PeLog
accelerator against LightRot and Tender, with all designs operating
at 4-bit precision. Fig. 9 shows the results normalized to Tender. To
isolate outliers, Tender employs serialized sub-tensor execution and
indirect memory indexing, which disrupts computational continuity

faster inference over Tender and LightRot, respectively. In addition,
PeLog achieves energy savings of 29% over Tender and 11% over
LightRot. The computational simplicity of PeLog enables a stream-
lined pipeline and reduced hardware complexity, effectively lowering
static and core energy. While PeLog avoids high-precision SF and
ZP, its fine-grained blocking incurs higher DRAM and buffer energy
than LightRot. This is a worthy trade-off for the better accuracy.
The area and power distribution of PeLog accelerator is summa-
rized in Table 3. The PEs and accumulators for matrix multiplication
dominate the power consumption with a share of 66.5%. Rotation
unit and 16 logarithmic encoders for real-time quantization incurs
only 3.4% area and 3.7% power overhead. The on-chip buffers occupy
the majority of area at 66.7%, comprising a 256KB global buffer and
weight/activation buffers, each with 64KB for values and 8KB for
shared exponents. The remaining area and power are consumed by
common components like special function unit and controller.

7 Conclusion

In this work, we propose PeLog, an algorithm-hardware co-design
framework that unlocks low-bit logarithmic quantization for LLM
inference via rotation. By integrating tunable local rotations with
group logarithmic quantization at a finer granularity, PeLog mitigates
outliers and avoids distribution mismatch caused by over-smoothing.
Leveraging the homogenizing effect of rotation, Pelog dynamically
allocates quantization levels within a narrow range of logarithmic
bases, further improving accuracy and hardware efficiency. In ad-
dition, we design a tailored offline search strategy and accelerator
architecture to facilitate the practical use of PeLog. Experimental
results show that PeLog incurs negligible quantization loss for 4-bit
LLM inference, while achieving 1.52X performance improvement
and 29% energy savings over the baseline accelerator.
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