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Abstract

On-device LLM inference is increasingly important for latency- and
privacy-sensitive applications, yet it remains challenging due to
the high compute and storage demands. Ternary-weight LLMs are
a promising direction because they dramatically reduce model size
and simplify arithmetic. In practice, deploying pretrained models
on edge devices typically relies on post-training quantization (PTQ),
but ternary PTQ often needs fine-grained scaling to preserve accu-
racy, which amplifies scale-metadata traffic and sub-byte decoding
overhead that fits poorly with conventional NPU datapaths. This
paper presents T-ACE, a Ternary Accuracy-aware Compute Engine
that enables efficient ternary LLM inference under PTQ by jointly
designing the data representation and execution pipeline. T-ACE
co-packs 64 ternary weights and power-of-two scale metadata into
a naturally aligned 16-byte block, eliminating separate scale fetches
and preserving aligned memory access. To decode compact ternary
packing efficiently, T-ACE proposes a compact two-stage 5-trit un-
packer and integrates on-the-fly decoding and scaling directly into
the ternary GEMM pipeline. The evaluation on an FPGA prototype
shows that decoding and scaling are fully overlapped with GEMM
execution, incurring no additional cycles over baseline. Moreover,
the comparison against A100/H100 baselines in a normalized setting
shows that T-ACE improves accuracy-adjusted compute density
(ACD) by 66.8% and accuracy-adjusted energy efficiency (AEE) by
17.6% over the best GPU baseline.
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1 Introduction

Ternary-weight neural networks have recently attracted growing
attention as a promising direction for efficient large language model
(LLM) inference. Unlike higher-bit quantization schemes, ternary
weights enable multiplication-free computation, where expensive
multipliers are replaced by simple sign selection and accumulation.
Despite their extreme compression ratio, ternary models often re-
tain higher accuracy than other ultra-low-bit formats at the same
bit budget([21, 23]. These properties make ternary LLMs particularly
attractive for energy- and area-constrained inference accelerators.
Post-training quantization (PTQ) enables low-cost deployment
of large language models by directly quantizing pretrained weights,
avoiding expensive retraining or large-scale fine-tuning. While
quantization-aware training can further improve accuracy, its cost
and limited applicability motivate PTQ-centric designs in practice.
Recent PTQ-based designs, including PT-BitNet [15], and PTQTP [43],
demonstrate that carefully designed scaling and calibration schemes
are essential for preserving accuracy under aggressive low-bit quan-
tization. In this PTQ setting, the scaling scheme becomes a central
factor in balancing accuracy, storage overhead, and inference ef-
ficiency, especially for ternary LLMs. Block Data Representations
(BDR) with Microexponent (MX) [8] shows that two-level scaling
can substantially improve accuracy with narrow weight bits.
Nevertheless, the scaling scheme requires a large number of bits
for scales, thereby amortizing the benefit of using narrower weight
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Table 1: Representative MX data formats [8] and scale over-
head (block size k=16, sub-block size k2=2).

Jung et al.

Table 2: Performance comparison according to ternary quan-
tization formats in llama.cpp (Llama-3.2 1B) [24]

MX9 MXe6 MX4
Data bits per element 8-bit 5-bit 3-bit
Mantissa 7 4 2
Sign 1 1 1
Scale bits per block 16-bit 16-bit 16-bit
First-level scale 8 8 8
Second-level scale 1-bit x 8 1-bit x 8 1-bit x 8
Scale overhead 12.5% 20.0% 33.3%

bit-widths to reduce memory pressure. Table 1 shows representative
MX data formats and scale overhead. The MX format organizes
weights into blocks of size k1. Each block shares the first level scale.
A block is further partitioned into sub-blocks of size kz. Each sub-
block shares the second level scale. The scale overhead is defined as
the ratio of scale bits to weight bits per block, as shown in Eq. (1).

ki
#bit I st (k_) 52
scale overhead = .l s for SC(,J ¢ : (1)
#bits for weights k1w

where s; denotes the number of first level scale bits, s, is the
number of second level scale bits per sub-block, and w is the number
of bits per weight. Each block in the MX format contains one s;
and k1 /ky sy. For k1 = 16, ky = 2, s1=8-bit, and sp=1-bit in Table 1,
MX9 demands 16-bit (= 8-bit + 8 x 1-bit) for scales for each block,
while the number of bits for weights is 128-bit (= 16 x 8-bit). Thus,
the scale overhead is 12.5% for the MX9 format.

The scale overhead grows quickly as data precision for weight
decreases from MX9 to MX4 as shown in Table 1. It is because
the amount of required bits for scales remains constant per block,
while the amount of bits for weights decreases with lower precision.
In addition to the storage overhead relative to the packed low-bit
weights, separately stored scale metadata can also incur runtime
overhead since the scale metadata should be loaded from mem-
ory, consuming memory bandwidth. Moreover, the corresponding
scaling operation must be performed during inference.

This paper proposes a hardware-friendly ternary format that
co-compresses weights and scales into a unified representation.
By compressing ternary weight values and allocating the remain-
ing bit space to scale information, scale values are colocated with
weights. This design removes the need for explicit scale loading
and multiplication, while preserving sufficient expressive power
for accurate inference. Building on this representation, we design
a ternary accuracy-aware compute engine (T-ACE) that efficiently
decodes and applies the embedded scales with minimal hardware
overhead. As a result, the proposed approach enables accurate, fast,
and cost-efficient ternary LLM inference under a PTQ setting.

Our contributions are as follows:

e We propose a 16-byte packing format that co-packs 64
ternary weights with two-level, power-of-two scale meta-
data. It dramatically reduces memory traffic for loading
weights and scale metadata (Fig. 7).
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bpw pp512* tg128*

Quantization  Model Size (bits/weight) (tokens/sec) (tokens/sec)

TQ1_0 401.5 MiB 1.69 31.36 20.08
TQ2_0 445.0 MiB 2.06 60.01 26.85
12_S 1.21 GiB 2.00 58.30 20.90

*pp512: prefill throughput with a 512-token prompt.
*tg128: decode throughput for generating 128 tokens.

e We propose and design a compact and novel decoder ar-
chitecture: two-stage 5-trit unpacker. It takes negligible
hardware area (0.0076 mm? and 2.8 mW at 28 nm in Table 7),
incurring no additional GEMM execution cycles due to full
overlap with the compute pipeline.

e We design T-ACE, a ternary-GEMM engine specialized for
ternary LLM inference with fine-grained scaling support.
T-ACE achieves 66.8% higher efficiency per area and 17.6%
higher efficiency per watt than the GPU baseline under the
normalized setting (Table 4).

2 Background and Motivation

2.1 Ternary Weight Packing and Decode
Overheads

A ternary weight is represented with an element in the set {—1, 0, +1}
and thus takes log, 3 ~ 1.58 bits per weight. When represented in
a conventional binary format, however, they are typically stored
using at least 2 bits per weight. This gap between the information-
theoretic minimum and the practical storage format has motivated a
line of work on ternary-specific packing schemes. In these schemes,
multiple trits are compacted into a single byte or word to reduce
both model size and weight-access bandwidth.

A common strategy is to exploit the fact that 3K < 2" for small
k, allowing k trits to be encoded into an n-bit container with some
unused code space. For instance, since 3°(= 243) < 28, five ternary
weights can be stored in a single byte, achieving sub-2-bit stor-
age efficiency [17, 45]. While these encodings are attractive from
a compression standpoint, they often misalign with the underly-
ing memory system. A packed representation may not match the
fetch granularity (byte, word, or block), requiring additional bit
manipulation during decoding. This effect is reflected in end-to-end
performance across packing formats.

Table 2 summarizes performance according to representative
ternary quantization formats used in practice: TQ1_0 and TQ2_0
from 11lama. cpp [13],and I2_S frombitnet.cpp [26]. All measure-
ment data in Table 2 were obtained on the WSL environment with
a 16-core based Intel® Core i9-10900X (3.70 GHz). TQ1_0 and TQ2_0
in Table 2 both use block-wise scaling, sharing one FP16 scale per
256 weights, which slightly increases the effective bits per weight
(bpw). TQ1_0 reduces storage using a hybrid packing scheme: a
small subset of weights is stored explicitly in 2-bit form, while the
majority is compressed using a 5-trit-per-byte packing method (i.e.,
five ternary values packed into one byte), achieving 1.69 bpw. TQ2_0
follows an aligned 2-bit (INT2) layout per weight with per-block
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Figure 1: Naive LUT-based 5-Trit Unpacker

scale, leading to 2.06 bpw. The experiment reveals a trade-off be-
tween weight compression format and execution efficiency: TQ1_0
achieves the smallest footprint (1.69 bpw) but suffers lower prefill
and decode throughput. TQ2_0 and I2_S adopting aligned 2-bit
layouts increase model size, yet deliver higher throughput. Table 2
hints that an effective ternary packing scheme — rather than focus-
ing only on compression efficiency — is imperative for balancing
memory access and decoding overhead [39].

Prior research on ternary accelerators such as TENET [17] and
Tereflic [45] typically adopts a lookup-table (LUT)-based unpacker
to map each packed code back to several ternary values at once. As
illustrated in Fig. 1, a naive 5-trit unpacker may enumerate all 243
(= 3°) valid ternary patterns and store the corresponding decoded
symbols in a table. Assuming a 2-bit internal representation for
each ternary value, a single such LUT requires 5 X 243 X 2 bits of
storage. To match the throughput of the GEMM operation, packed
ternary weights must be unpacked at the same rate as they are
consumed. This requires multiple unpack operations to proceed
in parallel, increasing the hardware cost of the unpacker. As a
result, the naive LUT-based unpacking introduces non-trivial area
and energy overhead that scales with the width of the GEMM
datapath. To address this issue, we propose a cost-efficient two-
stage unpacking structure where the 5-trit decoder is composed of
a small comparator-based front end and a small residual lookup.
This factorized design provides 5-trits/cycle decode throughput
with significant area reduction, continuously feeding the GEMM
pipeline.

2.2 Inflexible Architectures for PTQ Scales

Recent ternary-oriented accelerators such as TeLLMe[35], TENET[17],
and TerEffic[45] demonstrate that ternary arithmetic can be effi-
ciently exploited at the microarchitectural level; MAC operations
were performed with ternary-specific primitives, such as sign se-
lection, accumulation, or small lookup tables, thereby reducing
compute complexity and energy cost [17, 35, 45]. A common char-
acteristic of these accelerators is that they target models trained
from scratch with ternary weights, where the quantization scheme
and scaling strategy are fixed during training. Accordingly, scaling
factors are typically applied at a predefined and coarse granular-
ity—most commonly per tensor or per channel—and are tightly
integrated into the execution flow of the accelerator. This tight
coupling between model format and hardware datapath enables
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Table 3: Average accuracy scores according to scaling group
sizes under ternary quantization. (Scores are averaged over
HellaSwag [46], WinoGrande [36], WiC [34] and ANLI-
R2 [30])

Model Per16 Per32 Per64 Per128
Llama-3.2-3B [25] 0.405 0.4163 0.4088 0.395
Llama-3-8B-Instruct [14] 0.4175 0.4000 0.4263 0.4088
Mistral-7B-Instruct-v0.3 [18]  0.3963 0.4063  0.4463 0.430
gemma-2-9b-it [12] 0.4388 0.4313 0.4313 0.4375
Qwen2.5-14B-Instruct [44] 0.4288 0.4075 0.4100 0.390
Average 0.4173 0.4123 0.4245 0.4123

efficient ternary computation, but it limits applicability for finer-
grained or adaptive scaling schemes required by PTQ or fine-tuned
ternary models.

Applying PTQ scales in prior accelerators naturally requires
partitioning execution into smaller blocks, each of which uses a
single scale factor. This partitioning leads to repeated loading of
scale values and weight blocks, and the application of scale to the
corresponding block. The resulting overhead manifests as redun-
dant scale operations in hardware and degraded utilization of the
compute pipeline. Although prior architectures effectively leverage
the simplicity of ternary arithmetic for high throughput, they are
fundamentally limited in scenarios that demand PTQ scales.

2.3 Scale Granularity in Ternary models

Ternary quantization enables extreme reduction in model size, but
maintaining accuracy remains a challenge. Unlike higher-bit for-
mats, ternary weights provide very limited representational capac-
ity, making model performance highly reliant on scaling. A single
shared scale per tensor, where one scale is used for the entire weight
matrix of a layer, is often insufficient for large language models.
The weight distributions vary significantly across layers, channels,
and local regions. In particular, a small number of extreme values,
referred to as outliers, can dominate the dynamic range of an entire
tensor. When a coarse-grained scale is determined by such outliers,
most weights are mapped to a narrow range around zero under
ternary quantization. As a result, the effective representational ca-
pacity of ternary levels is severely reduced. Similar behavior has also
been observed in ternary LLMs obtained via quantization-aware
training of pretrained models, where per-tensor scaling can under-
perform finer-grained schemes such as per-channel or per-group
scaling [16].

Finer-grained scaling (e.g., per-channel or per-group) mitigates
this issue by applying a scale to small local weights, improving
ternary accuracy. However, this benefit is not free: additional scales
increase metadata storage and memory traffic, and require extra
arithmetic operations during inference. Thus, it is imperative to
find a scaling granularity that satisfies accuracy with tolerable over-
head. To quantify this trade-off, we have performed evaluation over
scaling group sizes using the MX quantization emulator [27], which
applies ternary quantization and measures LLM performance by
executing benchmarks. Table 3 shows the average scores of LLM
models, where scores are averaged over HellaSwag, WinoGrande,
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Figure 2: Accuracy scores according to two-level scalings

WiC, and ANLI-R2. The accuracy score denotes exact-match accu-
racy, measured as the percentage of correctly answered samples
over the full evaluation set. Per16 in Table 3, for example, means
that a scale is applied to a group of 16 weights. Although individual
models exhibit small variations in score, Per64 shows the highest
score, meaning that applying a scale to a group of 64 weights pro-
vides the best LLM performance. Thus, a group size of 64 is used as
the outer granularity for subsequent analysis.

Based on MX-style two-level scaling [8], we adopt two-level scal-
ing to cope with the accuracy loss of coarse group scaling in ternary
PTQ. To determine the detailed configuration, we have examined
two-level scaling configurations. In Fig. 2, (Bpase, Gsub» Bsup) de-
notes the bit-width of the base scale exponent, the subgroup size,
and the bit-width of the subgroup exponent offset, respectively. The
group size is fixed to 64. For Llama-3.2-3B, the best performance
was achieved with the (8, 4, 1) configuration. The configuration that
achieves the best score differs depending on LLM models, meaning
that a configuration that is optimal for one model is not necessarily
optimal for other models. Therefore, the hardware support for the
flexible scaling configuration is needed to adapt variations.

3 T-ACE Design

Ternary Accuracy-aware Compute Engine (T-ACE) is a cost-effective
ternary LLM accelerator with memory-access-friendly packed weights
and scales. Fig. 4 shows the T-ACE microarchitecture and its main
operations. On-chip scratchpad memory is organized as four banks.
It stores INT8-based activations and packed 16-byte ternary weight
tiles via Direct Memory Access (DMA). During execution, a single
activation row is loaded into an activation buffer and broadcast
to all compute units in parallel. Each compute unit incorporates a
256x64 PE array.

3.1 Co-Packed Weight-Scale Representation

Transporting weights and scale metadata separately incurs signif-
icant overhead due to frequent scale loads, complicating address

1068

Jung et al.

generation. T-ACE eliminates these costs by co-packing ternary
weights and their scale metadata into a single, naturally aligned 16-
byte representation. As shown in Fig. 3, each 16-byte block encodes
64 ternary weights and their group-level scaling information.

Each ternary weight has three possible values. Five ternary
weights can be encoded in one byte (B) with Eq. (2) where d; €
{0,1,2} (t = 0 for the least significant trit):

4

B = Zdt?ﬁ,

t=0

Be{0,...,242} c [0,255]. ()

Values 243 ~ 255 in B are unused. Then, 64 ternary weights can
be stored in 13-byte; 60 ternary weights are stored in 12-byte (=
5-trit/byte x 12), and the remaining 4 ternary weights are stored
without encoding in the last 1-byte (= 4-trit x 2-bit). The PE does not
necessitate a separate decoding logic for the last 4-trits, reducing
the hardware cost.

In a 16-byte block, 3 B is used to store scale metadata. Depending
on the selected scale mode, these bits are partitioned into a base
scale and a set of subgroup scales. To keep inference lightweight,
T-ACE represents scaling factors in a power-of-two form [8, 40]: the
metadata stores a base exponent S and small subgroup exponent
offsets s, and the corresponding scale factors are reconstructed as
25 and 275, respectively.

Let t; € {—1, 0, 1} denote the decoded ternary value for weight
element k. If element k belongs to subgroup G, its effective scale is

as =257, (3)
Accordingly, the reconstructed weight is given by
Wi & Qs - t, k € Gs. 4)

The number of subgroups and the bit-width of each scale are
configurable at runtime, allowing different scale granularities to
be supported under the same block format. We support four repre-
sentative scale configurations, parameterized by the bit-width of
the base scale exponent (B, ), the subgroup size (Ggyp,), and the
bit-width of each subgroup exponent offset (Bgyp,), as summarized
in Eq. (5).

©)

(16,16,2), (16,8,1),
(8,4,1), (8,8,2) }

(Bbase, Gsub» Bsub) € {

This compact 16-byte format is fully decoded by the Decoder de-
scribed in Section 3.2, and the resulting weights and scales are
consumed by the execution fabric in Section 3.3 .

3.2 Cost-Efficient 5-Trit Unpacking

A naive and simple 5-trit unpacker would require 243 (=3°)-entry
Lookup Table (LUT). As shown in Fig. 1, requiring numerous tables
replicated across lanes. T-ACE employs a two-stage unpacker that
recovers five ternary weights from one packed byte with low area
and fixed latency. The first stage extracts two high-order trits, and
the second stage decodes the remaining three trits.

Let P be the packed byte. T-ACE compares P against eight thresh-
olds {0y, 01, ..., 07} = {27, 54, 81,108, 135, 162, 189, 216} to generate
a bitvector bj = 1if P > 0 for j = 0,...,7. The elements in the
bitvector are added together to compute g = popcount(by, ..., b7) €
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Figure 3: (a) Encoded 16-byte data format, and (b) unpacking
process illustrated with a packed value of 214.

{0,...,8}. qis used to index a 9-entry LUT, which contains the two
high-order trits (4, t3) and their base contribution

Llq] = 81ty + 27 5. (6)
Stage 2 uses the remainder from Stage 1.
R=P-L[q], R € [0,26]. (7

The remainder R from Eq. (7) is used to index a small 27(3%)-
entry LUT, which contains the three low-order trits (f2, 1, fp). This
two-stage structure replaces the large 243-entry table with a com-
parator—popcount front end and a small LUT, yielding a short com-
binational path.

Fig. 3(b) illustrates the detailed two-stage behavior with a packed
byte example (214). T-ACE replicates twelve 5-trit unpackers; one
for each packed byte inside the 16-byte packed block. These units
collectively reconstruct 60 ternary weights. The remaining four
weights, and the scale metadata are read directly from the same
16-byte block.

A naive 5-trit table stores 3° = 243 entries, each returning five
trits at 2 bits per trit, for = 2,430 bits per instance. In contrast, the
factored unpacker requires the following small tables:

(i) Low-order trits LUT (to, t1, tp): 27 entries X 3 trits X 2 bits
= 162 bits.

(i) High-order trits LUT (4, 13): 9 entries X 2 trits X 2 bits = 36
bits.

1069

ICS °26, July 06-09, 2026, Belfast, United Kingdom

(iii) Weighted-base LUT (L[q] = 81t4 + 27t3): 9 entries X 8 bits
= 72 bits.
The total lookup storage is 162+36+72 = 270 bits. It is approximately
9x reduction per instance. Stage 1 comprises nine parallel 8-bit
comparators and a popcount, forming a shallow combinational
path. Combined with the aligned 16-byte co-packed block, the
decoder maintains constant per-block throughput, decoding 64
ternary weights and four subgroup scales per 16-byte into the
execution units.

3.3 Execution Unit Microarchitecture

3.3.1 Pipeline Imbalance in Ternary GEMM. Fig. 5 illustrates the
fundamental challenge of executing ternary matrix multiplication
under asymmetric operand bit-widths. In Fig. 5(a), where both
weights and activations use INT8, weight load, activation load,
and computation proceed at comparable rates, resulting in a well-
balanced pipeline with high utilization. In contrast, Fig. 5(b) shows
the case where weights are stored in INT2 while activations re-
main INT8. For the same memory interface width, the INT2 weight
stream can be delivered up to 4x faster than the INTS8 activation
stream. As a result, the weight-load stage completes early and stalls
while waiting for activation data. Because computation cannot pro-
ceed without activations, processing elements remain idle during
these gaps, and the overall pipeline becomes activation-bound. This
imbalance implies that the higher density of ternary weights does
not automatically translate into proportional throughput gains un-
less the dataflow and on-chip buffering are designed to match the
activation bandwidth.

3.3.2 T-ACE Flow. Asillustrated in Fig. 4, (1) during the decode and
preload stage, a single 64-byte weight line (4x16-byte) is expanded
into 256 ternary weights, four base scales, and a set of subgroup
scales per fetch. The 256 decoded weights are written directly into
four consecutive PE arrays (64 PEs per row), maintaining row align-
ment across the array.

In Fig. 4(2) the broadcast stage, activations enter through an
Activation Buffer, where each activation row is broadcast to every
row in the PE array. Then, in (3) the compute and scale stage, the
preloaded ternary weights and their subgroup scales interact with
the incoming activation via sign-select and shift operations, while
the base scale bypasses the inner loop and is applied once after
adder-tree reduction.

For each data transfer from memory, the weight stream (2-bit
based) carries 4x more elements than the activation stream (8-
bit based). To balance the memory access with computations, T-
ACE chose to use the weight-stationary dataflow and a 256x64 PE
array, where weights are preloaded in the PE array. T-ACE uses a
simple weight-rearrangement scheme to effectively transfer data
from memory to scratchpad: As shown in Fig. 6, vertically adjacent
four weight rows (that is, 4 rows x 16-byte; 64 elements in 16-byte)
are stored in consecutive locations in memory to form a 64-byte
memory block. Given one DMA transfer accesses a 64-byte memory
block, it allows fetching the required amount of data for activations
and weights.

For execution, one activation row (64-byte) in activation buffer is
broadcast to all PE rows. Then the dot product of 64 pairs occurs in
each row of the PE array. During the broadcasting and computation
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PEs over 64 times. (2): Activations broadcast to all PE arrays. (3): PEs compute ternary operations with shift sub-scale correction.

Results are summed by adder trees, multiplied by base scales.

Weight(18) Load | ') W1 w2
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time
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I 1 1 Il 1 1 1 1 1 1 I 1
(b) T T T T T T T T T T T T t|me

Figure 5: Pipeline comparison between (a) INT8XINT8 and
(b) INT2XINTS.

for 64 activation rows (that is, 4096-byte = 64 rows x 64-byte/row),
the next 256x64 weights (that is, 4096-byte = 256x16-byte) from
scratchpad are fetched, decoded and stored in double buffers inside
the PE array. This coarse-grain pipelining keeps the broadcast, dot
product, and scaling phases fully occupied. In other words, the data
access is perfectly balanced with computations. Each subgroup is
associated with a subgroup scale s, encoded with 1-2 bits, which
represents a small exponent offset value relative to the base scale.
This subgroup scale is applied as a left shift of the partial products.
All subgroups share a common base scale S, represented as an
exponent with 8-16 bits. Thus, the scaled dot product can be written

as:
Py mne2S =253 Y g2 ()

S keGs S keGs

Each row in the PE array performs a 64-element dot product
between an INT8 activation vector x and a ternary weight vector
t. The 64 weights are divided into multiple subgroups G, where
the number of subgroups ranges from 4 to 16 depending on the
selected scale mode.
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Figure 6: Weight rearrangement for efficient data access via
DMA

As shown in Eq. (8), the subgroup scale s is applied to each
partial product, and the multiplication is implemented in hardware
simply with shifters. The base scale S is applied only once after
the accumulation of the 64 partial sums. This separation between
the small per-PE sub-scale shifters and the shared wide base-scale
shifters keeps the inner datapath small. Applying the full shift in
each PE would require 64x256 16-bit shifters, whereas T-ACE uses
64X256 2-bit shifters and only 256 16-bit shifters, as shown in Fig. 4
(3). Furthermore, wide shifts inside the PE would enlarge the partial
sums, increasing the cost of the adder tree and interconnect. By
moving the wide scaling outside the inner GEMM datapath, T-ACE
reduces area and power while preserving correct power-of-two
scaling.

4 T-ACE Evaluation

This section evaluates T-ACE in terms of accuracy, computational
efficiency, and hardware cost.
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Table 4: Comparison of T-ACE and GPUs in terms of compute density, energy efficiency, and accuracy-adjusted metrics according

to weight quantization schemes

HW Weight Scale Compute Density [28] Energy Efficiency [28] Arel ACD AEE
Format  Granularity (TOPS/mm?) (TOPS/W) (vs. FP16) (At TOPS/mm?) (A, TOPS/W)

A100 Tensor Core FP16 - 8.87 9.97 1.00 8.87 9.97

A100 Tensor Core INTS per-tensor 17.73 19.94 0.8294 14.71 16.54
A100 Tensor Core INT8 group (64) 17.73 19.94 0.9964 17.67 19.87
H100 Tensor Core FP8 (E4M3)  per-tensor 12.59 12.24 0.8516 10.72 10.42
H100 Tensor Core FP8 (E4M3)  group (64) 12.59 12.24 0.9968 12.55 12.20
T-ACE (This work)  Ternary group (64) 43.14 34.20 0.6830 29.47 23.36

- Due to the lack of publicly available area and power information for A100 [32] and H100 [33] Tensor Cores manufactured in 7 nm and 4 nm processes, all GPU results are
normalized to a 28 nm process and a 1.41 GHz operating frequency for fair comparison. [28]
- T-ACE was evaluated under the same normalization assumptions (i.e., 28 nm process and 1.41 GHz operating frequency)

Table 5: Comparison of T-ACE and TENET in terms of sup-
ported quantization, compute density, and energy efficiency

HW Weight Quant. Compute Density Energy Efficiency
Format Support (TOPS/mm?) (TOPS/W)

TENET STL Core [17] Ternary QAT 12.80 195.05

T-ACE (This work) Ternary PTQ 30.60 34.09

4.1 T-ACE Efficiency

To evaluate T-ACE in terms of accuracy, compute density and en-
ergy efficiency, we have executed four benchmarks (HellaSwag,
WinoGrande, WiC, and ANLI-R2) using MX emulator [27] with five
LLMs: meta-llama/Llama-3.2-3B [25], meta-llama/Meta-Llama-3-

8B-Instruct [14], mistralai/Mistral-7B-Instruct-v0.3 [18], google/gemma-

2-9b-it [12], and Qwen/Qwen2.5-14B-Instruct [44].

The LLM accuracy is typically degraded with lower-bit quantiza-
tion due to increased quantization error. To report how much the
LLM quality is preserved with quantization, we introduce a metric
referred to as Relative Accuracy (A1), as defined in Eq. (9). It is
the ratio of the accuracy score of a quantized model to that of the
FP16-based model under the same evaluation condition.

Accuracy score(quant)

Arel = ©)
Extreme low-bit quantization schemes would deliver high ef-
ficiency in terms of TOPS/mm? and/or TOPS/W. However, those
metrics could mislead the evaluation AI accelerators’ efficiency,
especially in ternary accelerators due to the accuracy drop. To in-
corporate accuracy into the efficiency evaluation, two new metrics
are defined as shown in Eq. (10): Accuracy-adjusted Compute Den-
sity (ACD) and Accuracy-adjusted Energy Efficiency (AEE). These
metrics take accuracy into account in TOPS/mm? and TOPS/W.

TOPS TOPS
m, AEE = Arel . T (10)
Table 4 shows the evaluation outcomes, comparing T-ACE against
the GPU baselines in terms of accuracy-adjusted metrics. The com-
parison was performed under a unified normalized condition as
described in the note below Table 4. A, is obtained by averaging
the normalized scores over all model-dataset pairs, which are 20
results from five models evaluated with four benchmarks. Among
the GPUs, A100 (INT8) boasts the highest ACD (17.67) and AEE
(19.87) with group-64 scaling. T-ACE achieves superior performance

Accuracy score(FP16)

ACD = Ay -
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compared to the GPUs in ACD (29.47) and AEE (23.36), which corre-
spond to a 66.8% improvement in ACD and a 17.6% improvement in
AEE over the best GPU baseline. In terms of raw hardware capabil-
ity, T-ACE also provides substantially higher compute density and
energy efficiency, delivering 43.14 TOPS/mm? and 34.20 TOPS/W.

We further compare T-ACE with TENET [17], a representative
ternary accelerator for QAT-based models, as shown in Table 5.
TENET focuses on QAT-based ternary execution, whereas T-ACE
targets PTQ-based ternary LLMs with fine-grained group-wise
scaling. Within these different design points, T-ACE achieves higher
compute density (30.60 vs. 12.80 TOPS/mm?), while TENET reports
higher energy efficiency.

4.2 Memory Traffic Efficiency of T-ACE

This section evaluates the benefit of using the T-ACE’s packing
structure in terms of the number of incurred memory traffic. Reduc-
ing memory traffic is critical for the inference performance. Memory
traffic is quantified by counting the number of 64-B memory block
requests required to stream activations, weights, and scale metadata
for representative GEMMs. 64-B is the DMA granularity in Chip-
yard SoC [1]. In matrix multiplication (Opx N = Apxk X WikxN)s
M is the number of rows in the activation matrix (which varies
depending on batch or tokens processed at once), K is the reduction
dimension (dot-product length), and N is the output width. We fix
K=N=3,200 as in BitNet-b1.58 3B.

Activations are represented in INT8 format. Thus each row
in the activation matrix takes 3,200 bytes, corresponding to 50
(= 3,200/ 64) block requests. Then loading activations requires
50 X M requests. For weights, T-ACE stores 64 ternary weights and
their scale metadata together in one 16-B block. Thus the full KXN
weight-scale tile requires 2.56 MB (= 3,200 X 3,200 / 64 X 16B) mem-
ory. Loading weights and scales requires 2.56 MB / 64 B = 40,000
block requests, independent of M.

Fig. 7 shows the number of memory block requests of T-ACE and
two other typical schemes. Casel and Case2 assume that weights
and scales are stored in separate arrays. In both cases, weights
are represented in INT2 (2-bit) format. When it comes to scales,
in Casel, 3-B scales required for 64-weight blocks are stored in
consecutive locations in memory. In Case2, each 3-B scale is placed
at 64-B aligned location in memory.
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[weight, scale in separate arrays]
[0 T-ACE (co-pack) [EZ0 Casel: scales in consecutive places
[Z3 Case2: each scale in 64B boundary
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# of Memory Requests (64B)
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0
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M=4 M=16 M=64 M=256 M=1024

Figure 7: Number of memory block (64-B) requests for GEMM
(Apmxk X Wgxn with K=N=3200) according to the number of
rows (M) in activation matrix

In Casel, loading scales for the weight matrix requires 7,500
(= 3,200 x 3,200/64 x 3 B) / 64 B) block requests. For M=1, the to-
tal number of requests for loading activations, weights and scales
is 47,550 = 50 (activations) + 40,000 (weights) + 7,500 (scales). For
M=1,024, it is 98,700 = 51,200 (activations) + 40,000 (weights) + 7,500
(scales). Case2 requires a separate request for each scale. Since the
tile contains 160,000 weight blocks (= 3,200 x 3,200 / 64), Case2 in-
curs 160,000 requests for scales. As shown in Fig. 7, typical schemes
storing the scale metadata in separate array introduce a non-trivial
amount of requests. Casel adds 7,500 block requests for the weight
matrix, which is an 8%-19% increase in total requests depending on
M. Case2 inflates the scale traffic to as many as 160,000 additional
requests, increasing the total by 175%-400%. Considering that the
memory access has a huge impact on performance, the proposed
packing scheme is essential for the inference efficiency.

4.3 T-ACE Design Evaluation on FPGA

This section reports the hardware cost and performance of T-ACE
on FPGA. T-ACE is designed with Chisel [3], a hardware construc-
tion language. It is integrated into a Chipyard SoC [1], in place of
Gemmini NPU. Chipyard SoC allows execution-level measurements
under realistic system setting. It was synthesized and implemented
using Vivado, targeting an UltraScale+ XCU280 FPGA on the Alveo
U280 board [2]. This prototype enables cycle-accurate evaluation
of dataflow, decoder behavior, and scale application.

Table 6 shows the FPGA resource utilization of T-ACE com-
ponents. The Decoder and scale unit in T-ACE take only a small
fraction of hardware resources: the decoder uses 9.23% of LUTs and
0.24% of FFs, compared with the compute unit, while the scale unit
uses 1.05% of LUTs and 3.42% of FFs (no BRAM/DSP usage in either
unit). It proves that the proposed on-the-fly decoding and scaling
logic is lightweight. Fig. 8 shows the place-and-routed layout of
T-ACE on the FPGA.

To examine whether the decoding and base-scale units introduce
pipeline stalls, the latency of a GEMM execution is measured on
the FPGA prototype. We have executed ternary GEMM workloads
derived from the BitNet-b1.58 3B model, based on BS1 SEQ2048 and
BS1024 SEQ1, two representative inference settings. BS1 SEQ2048
corresponds to the prefill phase with batch size = 1 and a long
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Table 6: FPGA resource utilization of T-ACE blocks.

T-ACE HW Blocks FPGA Resources
LUT FF BRAM DSP
Decoder 35.2K (2.70%) 0.5K (0.02%)  0(0.00%) 0 (0.00%)

Scale Unit
Compute Unit

4.0K (0.30%) 7.0K (0.27%)  0(0.00%) 0 (0.00%)
381.3K (29.25%) 204.7K (7.85%) 0 (0.00%) 0 (0.00%)

Figure 8: Place-and-routed view on UltraScale+ XCU280
FPGA. T-ACE is in pink. NPU subsystem including on-chip
SRAM is in yellow)

sequence length (2048 tokens). This long sequence produces large-
scale GEMMs with high arithmetic intensity. BS1024 SEQ1 repre-
sents the decode phase with 1024 parallel single-token requests,
leading to much smaller, latency-sensitive GEMMs. Cycles are
counted from the time an input tile is issued to the compute unit
until the output tile is produced and written back to the on-chip
SRAM. Off-chip memory effects are excluded. Cycle counts are
collected using on-chip performance counters. Baseline is a simple
ternary GEMM unit that is used as PE arrays in T-ACE.

Fig. 9 shows execution cycles. For both BS1 SEQ2048 and BS1024
SEQ1, T-ACE (with the decoder and scale unit) reports the execution
cycles identical to the baseline. This is because T-ACE was designed
with pipelining: Decoder processes the next block while PE array
computes GEMM for the current one. The scaling is applied after
GEMM in the following stage. As a result, the decoding and scale
application are fully overlapped with computation, achieving the
throughput the baseline provides.

4.4 T-ACE Design Evaluation with ASIC

This section reports the area and power breakdown of T-ACE based
on synthesis result using an ASIC technology node. All T-ACE
blocks are synthesized using Synopsys Design Compiler with the
GSCL 45 nm standard-cell library [19]. To facilitate comparison
across reference designs as in Table 4, the synthesis results are
normalized to a 28 nm process node using the DeepScale tool [37].
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Figure 9: Execution latency (in cycles) measured on the FPGA
prototype for ternary GEMM workloads from the BitNet-
b1.58 3B model.

Table 7: Area and power breakdown of T-ACE at 28 nm node

T-ACE HW Blocks #Units Area/Unit Total Area Total Power
(mm?) (mm?) (W)
Decoder 4 0.001893 0.007572 0.002803
Scale Unit 256 0.000448 0.114694 0.000356
Compute Unit 1 (256 X 64 PEs) 1.071024 1.071024 0.961094
Total - - 1.193290 0.964253

- All results are normalized to a 28 nm process.

Timing constraints are set so that all blocks satisfy the timing budget
for 1 GHz operation in the 28 nm node.

Table 7 presents the area and power breakdown of T-ACE at
28 nm. Similar to Table 6 for FPGA, the Compute Unit integrating
the PE array and adder tree takes the dominant area and power
consumption in T-ACE. The decoder occupies only a small portion
of the total area and power. It accounts for about 0.635% of area and
0.291% of power in T-ACE. It also shows that ternary unpacking
and decoding logic incurs minimal hardware cost. The scale unit
also has a small footprint because subgroup scaling is implemented
with simple shifts instead of multipliers. Overall, the extra logic for
fine-grained scaling and co-packed decoding remains lightweight.

5 Related Work

As LLMs continue to scale up, low-bit quantization has become a key
technique for reducing model size and computational cost [9, 22, 47].
A wide range of methods explore per-tensor, per-channel, or block-
wise quantization using quantization-aware training (QAT) [5, 29,
31, 38], whereas post-training quantization (PTQ) offers a light-
weight alternative without costly retraining while maintaining
accuracy [4, 11, 16, 20, 42]. These works show that finer-grained
scaling improves accuracy by better capturing various weight dis-
tributions, but also increases the amount of scale metadata that
must be stored and applied during inference, introducing addi-
tional overhead [6, 7, 10]. More recent work such as Microscaling
(MX) [8] employs two-level shared scaling with power-of-two scale
factors, enabling efficient shift-based implementation while preserv-
ing accuracy at low precision. Building on this insight, we adopt
a MX-style two-level scaling and co-pack the scales with ternary
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weights in a unified format. This co-packed design reduces memory
traffic by avoiding separate scale fetches and keeping weight and
scale data contiguous in memory.

Recent ternary formats such as TQ1/TQ2 and I2_S pack multiple
trits into a single byte to reduce model size and weight-transfer
bandwidth in software inference frameworks [39]. Beyond compact
storage, LUT-based compute units such as TMAC [41] and LUT
Tensor Core [28] replace multipliers with table lookups to support
efficient low-bit matrix multiplication and flexible (W, A) precision
pairs (e.g., W4AFP16) without redesigning arithmetic datapaths.
Custom ASIC and FPGA accelerators have explored efficient exe-
cution of ternary LLMs. TENET [17] introduces a multiplier-free
ternary matrix—-vector engine based on sign selection and accumu-
lation to achieve high-throughput ternary computation in ASIC.
TerEffic [45] targets FPGA deployment with structured tiling, multi-
bank buffers to operate under limited on-chip resources. While
these designs demonstrate the potential of ternary computation,
efficient deployment remains challenging due to additional over-
head from scale metadata handling, sub-byte data alignment, and
memory access. These challenges motivate architectures that inte-
grate lightweight decoding logic and scale handling into the data
representation to enable efficient ternary execution.

6 Discussion and Limitations

Our accuracy results are obtained using a general-purpose PTQ
with lightweight calibration, rather than a ternary-specialized quan-
tization procedure. Recent work suggests that ternary models can
benefit substantially from PTQ methods tailored to the extreme low-
bit regime, such as improved outlier handling, more expressive yet
hardware-friendly scaling, and targeted post-training fine-tuning
(e.g., short QAT or LoRA-style adaptation). Applying such ternary-
aware PTQ and fine-tuning techniques to T-ACE’s representation
is likely to further improve A, without changing the proposed
co-packed format. Incorporating state-of-the-art ternary PTQ/QAT
recipes could be a promising direction for future work.

Although T-ACE targets PTQ-oriented ternary deployment, its
ternary-weight decoding path can also be used for QAT-based
ternary models. Full compatibility, however, depends on the scale
format. For instance, BitNet-b1.58 uses floating-point per-tensor
scales, whereas T-ACE currently supports shift-based scale applica-
tion. Thus, while the proposed decoding flow remains applicable,
efficient end-to-end support for QAT-based models with floating-
point scales would require additional scale-handling logic, which
we leave as future work.

Extending the current hardware and kernel-level evaluation to
the full-system using the FPGA environment (such as Alveo) is our
future work. The present evaluation focuses on microarchitectural
behavior and GEMM execution, and does not include integration
with higher-level LLM software frameworks such as llama.cpp and
bitnet.cpp. Integrating and running these LLM frameworks on T-
ACE is left as future work to enable end-to-end evaluation of latency
and system throughput under realistic workloads.

While T-ACE’s 256 % 64 PE array is primarily optimized for high-
throughput GEMM workloads, LLM autoregressive decoding often
involves GEMV-like or highly asymmetric matrix shapes, which
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can lead to reduced PE-array utilization. We plan to address this
limitation in future work through flexible hardware partitioning.

7 Conclusion

This paper presents T-ACE, the Ternary Accuracy-aware Compute
Engine, for ternary LLM inference under post-training quantiza-
tion. T-ACE addresses a key practical challenge of ternary models:
achieving high hardware efficiency without sacrificing model qual-
ity when fine-grained scaling is required. T-ACE enables efficient
ternary GEMM execution while supporting the scaling flexibility
needed for accurate PTQ ternary inference. Experimental results
demonstrate that T-ACE achieves higher accuracy-aware efficiency
than A100/H100 Tensor Core baselines under our normalized set-
ting. Compared to the GPUs, T-ACE provides 66.8% improvement
in ACD and 17.6% improvement in AEE. In terms of raw hardware
capability, T-ACE also provides substantially higher compute den-
sity and energy efficiency, delivering 43.14 TOPS/mm? and 34.20
TOPS/W. The 16-B aligned packing scheme dramatically reduces
the memory traffic for loading weights and scale metadata. The
area and power evaluations for both FPGA and ASIC indicate that
the Decoder and scaling units incur negligible overhead. Overall,
T-ACE provides a practical blueprint for deploying ternary LLMs on
cost- and energy-constrained platforms, bridging the gap between
aggressive ternary compression and reliable real-world inference.
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