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ABSTRACT The demand for efficient edge machine learning (ML) in Internet of Things (IoT) applications
has driven interest in Microcontroller Unit (MCU)-based TinyML solutions, especially with the rise
of RISC-V. Although MCUs are power efficient, their limited resources challenge the deployment of
complex ML models. Mixed-Precision Quantization (MPQ) offers the best trade-off between model
size, energy consumption, and accuracy, by using different weights and activations precision across
model layers. Recently, an increasing interest in hardware support for Mixed-Precision Quantized
Neural-Networks (MP-QNN) in MCU-class processors has emerged. In this paper, we present a novel
precision-scalable Multiply-and-Accumulate (MAC) unit, named STAR-MAC, that supports MPQ on 16-,
8- and 4-bit integers. Combining Sum-Together and Sum-Apart subword-parallel multiplications in a
reconfigurable architecture, STAR-MAC accelerates Fully-Connected, 2D-Convolution, and Depth-wise
layers. We integrate STAR-MAC into the low-power RISC-V Ibex core and validate it on the four MLPerf
Tiny MP-QNN models trained with QKeras and using a modified TensorFlow Lite for Microcontrollers
(TFLM) enhanced with MPQ kernels, that we open-source. Compared to the 8-bit standard TFLM
runtime, all this combined hardware-software approach results in a FlatBuffer smaller by 27%, an average
latency reduction of 68% across the four MLPerf Tiny models—measured on a Field-Programmable Gate
Array(FPGA)-based System-on-Chip setup—, and a negligible accuracy loss on the corresponding test sets.
Synthesis on 28-nm CMOS technology shows that our STAR-based Ibex has the highest energy efficiency per
unit of Silicon area (175.7 GOPS/W/mm? at 4-bit) among various MPQ processors, with limited overhead
over the original Ibex (+12.2% area, +7.3% power). Our solution enables low-power, low-latency inference
of MP-QNNs on IoT nodes.

INDEX TERMS Mixed-precision quantization, precision-scalable mac unit, quantized neural networks,
RISC-V, tensorflow lite for microcontrollers, TinyML.

I. INTRODUCTION

The proliferation of Internet of Things (IoT) devices and the
increasing demand for real-time data analysis have driven the
rise of TinyML, machine learning (ML) applications target-

Quantization, which reduces the precision of the weights
and activations of neural networks, is one of the most
powerful optimization techniques to address these chal-
lenges. However, standard quantization methods often lead

ing edge devices. Low-power and compact Microcontroller
Units (MCUs) are often the preferred choice for running
TinyML applications. However, their limited processing
power and memory hinder the deployment of complex ML
models.

The associate editor coordinating the review of this manuscript and

approving it for publication was Zhengmao Li

to accuracy degradation, which is unacceptable for TinyML
tasks requiring precise data interpretation. Mixed-precision
quantization (MPQ), on the other hand, offers a more
flexible approach by allowing different levels of precision for
different parts of a Quantized Neural Network (QNN) [1].
An application may use higher precision (e.g., 16 bits)
for the most sensitive layers—those that affect accuracy
the most—and lower precision for others (e.g., 4 bits) to

© 2025 The Authors. This work is licensed under a Creative Commons Attribution 4.0 License.
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FIGURE 1. Ibex core in its small configuration [5] with our STAR-MAC unit
instead of the original 17-bit Fast multiplier.

maintain low latency and power consumption. It may also
trade accuracy for higher performance or minimal power
usage. This flexibility is essential for TinyML applications
on resource-constrained devices.

Embedded processors are the typical target for edge
applications, but often lack hardware support for MPQ.
This can lead to increased computational overhead, since
MPQ operations must be implemented in software (e.g., with
32-bit multipliers and shift-and-mask operations), potentially
negating the advantages of MPQ. Motivated by these
considerations, our research focuses on designing a novel
Precision-Scalable (PS) Multiply-and-Accumulate (MAC)
unit for Mixed-Precision (MP) hardware acceleration, and
integrating it into a low-power RISC-V core.

The proposed PS-MAC unit, called STAR-MAC, is based
on STAR, a Sum-Together/Apart Reconfigurable 16-bit
Baugh-Wooley (BW) multiplier that can be configured to
operate in Sum-Together (ST) or in Sum-Apart (SA) mode [2].
In SA mode, it behaves as a single-instruction multiple-
data (SIMD) unit that multiplies low-precision operands in
parallel and maintain them separate in the output, while in ST
mode it acts as a dot-product unit as it sums the low-precision
products internally and generates a single output. While
in prior literature SA and ST multipliers have typically
been treated as alternative implementations [2], STAR
combines ST and SA subword-parallel (SWP) multiplication
techniques into a single hardware multiplier solution. The
rationale behind this unification is that ST operations are
better suited for PS workloads in Fully-Connected (FC)
and 2D Convolution (2D-Conv) layers, while SA operations
are more effective for Depth-wise Convolution (DW-Conv),
commonly used in DW-Separable Convolutions [3], [4].

We integrate STAR-MAC in the Ibex core, an open-source
RISC-V MCU for resource-constrained applications [5],
resulting in the proposed STAR-based Ibex outlined in
Fig. 1. For compatibility with the Fast multiplier of the
original Ibex, we design STAR-MAC to produce either one
multiplication with two 32-bit operands in three clock cycles,
or two/four/eight parallel multiplications (in SA mode) or
dot products (in ST mode) with four/eight/sixteen parallel
16-/8-/4-bit operands in two cycles. To fully take advantage
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of hardware-supported MPQ, a complete flow from training
to deployment of Mixed-Precision QNNs (MP-QNNs) is
highly desirable [6], [7], [8]. Hence, to ease the deployment
of TinyML MP-QNN models on the STAR-based Ibex,
we decide to leverage well-established tools: QKeras and
AutoQKeras to train QNNs [9], and Google’s TensorFlow
Lite for Microcontrollers (TFLM) for MCU deployment,
a state-of-the-art (SoA) lightweight inference engine recently
renamed to LiteRT for Microcontrollers. However, the current
deployment flow of TFLM relies on TensorFlow-Lite (TF-
Lite), Google’s high-performance runtime for on-device Al,
which supports only 8 bits for both weights and activations.
Therefore, we introduce STAR-TFLM, a modified version
of TFLM which extends the original TFLM with new
low-level MPQ kernels for 2D-Conv, DW-Conv, and FC
layers, supporting any combination of 16-, 8-, and 4-bit data
types for features and weights. We also introduce QKeras-
to-TFLM converter, which is a method for converting an
MP-QNN QKeras model into a TF-Lite FlatBuffer, a compact
binary file that contains the architecture and parameters of
Deep Neural Network (DNN) models.

In this paper, we integrate STAR-TFLM and QKeras-to-
TFLM into a complete flow from MP-QNN QKeras training
to MCU TFLM deployment. We then use this flow to
validate our STAR-based Ibex processor by running the four
MLPerf Tiny models of the MLPerf Tiny Benchmark [10]
within a System-on-Chip (SoC) generated by Embedded
Scalable Platform (ESP) [11], a framework that supports
execution, debugging, and performance estimation on a
Field-Programmable Gate Array (FPGA).

The results show an average reduction of the inference
clock cycles across the four MLPerf Tiny MP-QNNs by 59%
(and up to 68%) compared to the same models quantized on
8 bits and deployed with the standard TFLM. To showcase
our solution’s applicability for resource-efficient MCU
deployment, we also report standard quality metrics—Power,
Performance, and Area (PPA)—for Application-Specific
Integrated Circuits (ASIC) implementation. As we explain in
Sec. VII-F, Synthesis results on a 28-nm CMOS technology
at 250 MHz show that our STAR-based Ibex outperforms
other SoA MPQ processors in energy efficiency per unit area
by at least 12.8%, achieving a peak of 175.7 GOPS/W/mm? at
4-bit precision, while incurring only modest area and power
overheads (+12.2% and +7.3%, respectively) compared to
the original Ibex core [5].

The remaining sections of this manuscript are seven. Sec. II
reviews related work. Sec. III details the STAR-MAC unit and
its integration in the Ibex processor. Secs. IV=VI outline the
deployment flow, introduce the QKeras-to-TFLM converter,
and report the TFLM modifications and custom kernels
leveraging STAR instructions to enable MP-QNN execution,
respectively. Sec. VII presents results on MP-QNNs MLPerf
Tiny models, along with a comparison with SoA MPQ
processors. Finally, Sec. VIII draw some conclusions.

All of our code is available on GitHub [12] to promote
MP-QNN development on MCU-class devices.

VOLUME 13, 2025
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Il. RELATED WORK

A. MCU-CLASS PROCESSORS WITH HARDWARE
SUPPORT FOR MPQ

The integration of specialized PS units to support quantized
data with variable precision in low-power MCU-class proces-
sors has attracted significant attention in recent years.

The Divide-and-Conquer (D&C) approach uses low-
precision multipliers that can be dynamically combined via
shift-and-add logic to form higher-precision multipliers. The
D&C MAC unit of [13] was designed for 32-bit RISC-V
MCUs and supports operands from 2 to 32 bits, combining
256 2-bit low-precision multipliers. However, the authors did
not actually present a processor integration. Our work is more
complete, as it also explores the integration of our SWP MAC
unit into the Ibex. Moreover, based on the comparison of
PS multiplier architectures reported in [3] and [4], the D&C
approach is suboptimal with respect to SWP at the target
clock frequency considered in our work, i.e., 250 MHz.

Bit-Serial methods process operands serially, performing
multiplications via add-shift operations that take a number
of clock cycles proportional to the operands bit-width. The
authors of BISDU [14] proposed a multiplier-less dot-product
unit for bit-serial matrix multiplications. Their approach
introduces a hardware extension made of a population-count
unit and 2:1 multiplexers, which leverages the conventional
arithmetic logic unit (ALU) resources (and, xor, xnor)
of the RISC-V Instruction Set Architecture (ISA). This
design supports binary, ternary, and MPQ. They integrated
it into TinyRocket, a 32-bit configurable RISC-V core [15].
According to the authors’ experiments, while this solution is
competitive for operations involving operands with 1 to 3 bits,
it is dominated by non-bit-serial solutions at 4 bits and above.

An alternative research area in specialized ML hardware
explores reconfigurable multipliers and MAC units based
on the PS concept. Notable contributions include [2], which
introduced the SA and ST paradigms in BW multipliers; [16],
which reviewed and benchmarks SoA PS MAC architectures;
and [3], which compared PS multipliers in terms of PPA.

Recently, we introduced for the first time the concept of
STAR as the combination of the SA and ST modes in a
single multiplier structure in [4]. Specifically, we proposed
and evaluated four different STAR architectures (based on
PS multipliers proposed in [2], [17], [18] ) to identify
Pareto-optimal designs in terms of PPA for a given target
clock frequency. Furthermore, we thoroughly described the
microarchitecture of one of them, the so-called STAR SWP
(BW), which is the STAR multiplier at the basis of the
STAR-MAC unit presented in this work.

Another relevant contribution on MPQ and the Ibex core is
presented in [19]. In the original Ibex [5], designers choose
at synthesis time between two alternative 32-bit multiplier
implementations. One is called Single-cycle and is made of
three 17-bit multipliers, and one is called Fast and uses a
single 17-bit multiplier to compute 32-bit multiplications
in 3 or 4 clock cycles. In [19], the authors extended the
single-cycle implementation with a fourth 17-bit multiplier,
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resulting in significant hardware overhead. In contrast,
we replace the Fast multiplier with our lightweight 16-bit
STAR-MAC. Furthermore, their design supports 8-, 4-,
and 2-bit weights, but only 8-bit activations, whereas ours
supports symmetric 16-, 8-, 4-bit weights and activations.
Finally, to preserve correctness, their design inserts guard bits
between low-precision input operands and multiplier outputs,
resulting in reduced hardware efficiency. Differently, our
STAR-MAC unit avoids this overhead by natively supporting
SWP operations.

In XPulpNN [20] and Dustin [21], the authors extended
the dot-product unit of their earlier work [18] by supporting
MP formats down to 2-bit precision and including symmetric
and asymmetric configurations, respectively, through parallel
multipliers with varying bitwidths and an adder tree for
partial sum reduction. In contrast, our processor employs
STAR, which supports symmetric multiplications not only
in ST mode but also in SA mode—an essential feature for
operations such as DW-Conv—and achieves higher area and
power efficiency at sub-GHz frequencies, as proven in [4].

In this work, we did not consider SoCs with tightly-coupled
MPQ accelerators, such as in [22], since we focused solely
on the design and optimization of a PS MAC unit and its
integration in an MCU with limited area overhead. A more
complete literature review on MPQ hardware solutions is
presented in [23].

B. OPTIMIZED INFERENCE LIBRARIES AND ENGINES

FOR MPQ

To simplify DNN deployment, inference libraries offer
kernels (usually C/C++ functions) for various layers that
are optimized for specific hardware platforms and compiled
alongside the user’s code. The first three rows of Table 1 show
the SoA inference libraries that support MP.

Cortex Microcontroller Software Interface Standard-NN
(CMSIS-NN), developed by ARM [24] for Arm Cortex-M
MCUss, is the most widely adopted library due to the com-
pany’s widespread prevalence in the MCU market. It provides
various kernels for 2D-Conv, DW-Conv, and FC using the
INT16 and INTS integer data type, with symmetric precision,
meaning that weight/activation operands must have the same
number of bits (i.e., 16/16, 8/8). It also supports kernels with
asymmetric precision, where weight and activation operands
can have different bit-widths. In particular, it supports two
asymmetric combinations following the TFLM specifications
[34], i.e., 16/8 and 8/4 [35]. In contrast to this approach,
we also support the 4/4 precision for weights/activations.

Recently, other libraries have emerged to address the
demanding requirement of precision scalability.
CMix-NN [25] is based on CMSIS-NN, but offers additional
kernels using asymmetric precisions on INT8, INT4, and
INT?2 datatypes, always targeting Arm Cortex-M cores.

PULP-NN implements INT8 down to INT1 symmetric
kernels in the original version [27], and asymmetric INTS,
INT4, and INT2 kernels in the extended one [28]. Although
still derived from CMSIS-NN, kernels are optimized for
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TABLE 1. State-of-the-Art optimized inference libraries and inference engines with MP support and processors as target platforms.

Name T Supported Supported l?recnsnons MPQ Search Supported Target Hardware
'ype (w: weights Based on . Input Model
[paper] Models .o Algorithm Platforms
a: activations) Formats
CMSIS-NN  Optimized infer- Matrix INT16/8 for w and a, sym- — — — Arm Cortex-M
by Arm [24]  ence library Multiplication, metric; INT 16/8, 8/4 for w/a,
2D/DW-Conv, FC asymmetric
CMix-NN Optimized infer- 2D/DW-Conv, FC INT8/4/2 for w and a, asym- CMSIS-NN  Iterative algo- PyTorch Armv7-M  ISA  (Arm
by ence library metric (any combination) rithms  based Cortex-M4/M7)
Capotondi et on memory
al. [25] constraints [26]
PULP-NN Optimized infer- 2D/DW-Conv, FC INT8 down to INT1 for w CMSIS-NN — — PULP clusters of RISC-V
by Garofalo ence library and a, symmetric [27]; In based processors, e.g., the
et al. [27] the extension from [28], also Ri5cy-based PULP cluster
and Bruschi INTS8/4/2 for w and a, asym- [29]
etal. [28] metric (any combination)
STM32- Optimized infer- For 8-bit or FP32: For 8-bit or FP32: UINTS, STM-32- Not present. For 8-bit or FP32: STM32 Arm Cortex-M
Cube.Al ence library and subset of Keras, INT8 or FP32 for layers Cube.Al The tool works ONNX, TF-
(X-Cube-Al) inference engine  TF-Lite, ONNX in and out; UINT8/UINTS, runtime with pre-trained Lite, PyTorch3,
by STMicro- layers]; INTS/INTS or INTS8/UINT8  (based on FP or quantized TensorFlow*, Keras,
electronics For < 8-bit:  for w/a; CMSIS-NN)  models. Lasagne, MATLAB,
[30] 2D/DW-Conv, FC; For < 8-bit: many combina- or TFLM Caffe, ConvnetJS,
Classical ML tions of FP32, 8-bit signed runtime Microsoft Cognitive
models  (k-means, fixed-point, binary signed (1- Toolkit;
SVM, RF, kNN, bit)forwand a, depending on For < 8-bit: QKeras,
DT)2 the layer [31] Larq
N2D2 Training, 2D/DW-Conv, FC INTS8 down to binary, asym- — The user has to ONNX, PyTorch3, Plain or optimized C
by optimization and others™® metric specify the pre- TensorFlow”, code for different targets:
CEA-List and deployment cision of each Keras3, N2D2 MCUs, CPUs, DSPs,
[32] engine layer manually.  “INI" config. file GPUs and FPGAs’
This work Optimized For all supported INT16/8/4forw anda,asym- TFLM Bayesian QKeras, For supported precisions:
inference library; precisions: STAR- metric (any runtime Optimization TensorFlow®, Keras®  STAR-based RISC-V Ibex
Training, based 2D/DW-  combination) (AutoQKeras) or any 32-bit RISC-V by
optimization Conv, FC; using eml(xlated STAR

and deployment
engine

For 8-bit: all TFLM
layers [33]

instructions’;
For 8-bit: standard TFLM

! STMicroelectronics, X-CUBE-AI Keras Toolbox Support (Documentation/supported_ops_keras.html in X-CUBE-AI Expansion Package), accessed on: Jun 16, 2025. >
Quantization is supported for DNN models, but not for classical ML models. 3 Prior conversion to ONNX. 4 Prior conversion to TF-Lite or Keras h5 file. > CEA-List, N2D2
- Quantization-Aware Training - Layer compatibility table, https://cea—lisl.github.io/NZDZ—docs/quam/q]at.html, accessed on: Jun 16, 2025. © CEA-List, N2D2 - Legacy - Layer

compatibility table, https://cea-list.github.io/N2D2-docs/export/legacy.html, accessed on: Jun 16, 2025.

Plain C++ code, C code for STM32 (Arm Cortex-M4/M7), C code with

OpenMP or TensorRT, high-level synthesis C code for Xilinx FPGAs, C code using OpenCL for CPU/DSP or GPU, C code using Cuda or cuDNN for NVIDIA GPUs, C code
for DNeuro and PNeuro (CEA-List’s architectures for ASICs and FPGAs, resp.). 8 Prior conversion to QKeras. ® For emulated STAR instructions, see Sec. VII-B.

PULP clusters of RISC-V processors, such as those based on
Ri5cy [29].

Several tools for the automated conversion of DNN
models from development frameworks to MCU-ready code
for inference have emerged in recent years [6], [7], [8].
Our literature survey indicates that most of these tools
support quantized 8-bit or 32-bit models, with only a few
accommodating other data-type precisions for weights and
activations, as reported in the fourth and fifth rows of Table 1.

X-Cube-Al by STMicroelectronics [30] generates opti-
mized C code for STM32 Arm Cortex-M processors given
a pre-trained Floating-Point (FP) or quantized model, e.g.,
ONNX or TF-Lite format. The runtime library is partially
based on CMSIS-NN, although users can also deploy the
network using TFLM. X-Cube-AlI supports MP-QNN models
with different combinations of FP32, 8-bit, and 1-bit data
types for weights and features, depending on the type of
layer [31]. In the latter case, the models should be pre-trained
with QKeras or Larq [30], [36]. Unlike X-CUBE-AI, our
solution also supports MP training using AutoQKeras. More-
over, although X-CUBE-AI supports QKeras, it restricts MP-
QNN to fixed-point formats of either 8 bits or 1 bit, without
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scaling factors for weights and activations. In contrast, our
flow accommodates QKeras MP-QNNs with 16-, 8-, and
4-bit integer datatypes, including scaling factors. Finally,
unlike our work and all the others in Table 1, X-CUBE-AI
is not open-source.

Neural Network Design & Deployment (N2D2) by
CEA-List [32] offers a complete solution to design, train,
and optimize DNN models. It allows users to manually
specify the precision of each DNN layer, from INT8 to INT1,
and supports quantization-aware training. When targeting
MCUs, it only generates plain C code or uses X-CUBE-
Al for STM32 processors. In contrast, we target our custom
STAR-MAC instructions tailored for MP-QNNs. Although
N2D2 supports MPQ training, it lacks an automated precision
search. Conversely, our deployment flow addresses this
through the AutoQKeras’ Bayesian Optimization engine.

In summary, our work integrates seamlessly with the
TensorFlow toolchain, providing a deployment path to
MCU-class processors that supports quantized layers with
any combination of 16, 8, or 4 integer bits. This offers greater
flexibility compared to the sole precision currently supported
by TFLM, which is 8 bit. Our solution serves both as an

VOLUME 13, 2025
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inactive (grey), while the active ones (white) operate as smaller bit-width
BW multipliers, receiving operands with a number of bits corresponding
to the value indicated inside the PPM. In SA mode, STAR outputs multiple
low-precision products in parallel; in ST mode, it performs dot products.

“optimized inference library”, offering MP TFLM kernels
for 2D-Conv, DW-Conv, and FC layers that support STAR-
MAC instructions, and as a ‘‘training, optimization, and
deployment engine”’, being based on QKeras, AutoQKeras,
and TFLM, respectively.

IlIl. STAR-MAC UNIT AND STAR-BASED IBEX

We begin with a short explanation of the STAR multiplier
and continue with a background on Ibex. We then outline
the STAR-MAC architecture and design choices, concluding
with synthesis results on a 28-nm commercial technology.

A. STAR: BACKGROUND

Fig.2 illustrates the operating principle of the 16-bit BW
STAR multiplier [4] at different operand precisions. The top
square represents the Partial Product Matrix (PPM) [37],
while the bottom rectangle corresponds to the multiplier’s
output. For 16-bit operands (Fig.2a), the PPM is fully
active (white) and STAR behaves as a standard 16-bit
BW multiplier. As the bitwidth of the operands decreases,
some regions of the PPM become inactive (grey), while
the remaining active blocks (white) start to behave as
smaller PPMs, i.e., smaller BW multipliers with operand size
indicated by the number inside the PPM itself. In SA mode,
STAR keeps the results of multiple parallel low-precision
multiplications separated in the final result, as shown for the
case of 8-bit (Fig.2b) and 4-bit (Fig.2c) operands. In ST
mode, STAR internally sums the results of these parallel
multiplications, acting like a dot-product unit, producing a
single result, as shown in Fig. 2d for the 8-bit case, and in
Fig. 2e for the 4-bit one.

B. STAR-MAC INTEGRATION IN THE IBEX CORE

The open-source RISC-V Ibex core [5] supports the RV32I
ISA with M, C, B, and E extensions [38] and offers different
multiplier architectures. In this work, we use the small,
two-stage pipeline version, with the Fast multiplier. Thanks
to the RISC-V ISA, Ibex can be extended with custom
instructions to accelerate domain-specific applications like
ML workloads. Fig. 1 is an overview of the architecture of our
STAR-based Ibex. We replace the original 3-cycle multiplier
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FIGURE 3. High-level view of the STAR-MAC unit.

TABLE 2. Operating modes of our STAR SWP (BW) multiplier [4].
[m:n]indicates the bit range of an operand or output.

Operating Mode Mathematical Description

SA16(a,b) _ )
ST16(a,b) S[31:0] = 2[15:0] Xb[15:0]
ST8(a,b) S[24:8] = a[7:0] Xb[15:8] + a[15:8 Xb[7:0]
ST4(a,b) S[21:12] = 4[3:0] ><b[15:12] + a7y Xb[u:s]

| +ar11.8) Xby7.4] +a[15:12] Xb[3.0)
SA8(a,b) S[31:16] = A[15:8] XD[15:5)

’ S[15:0] = a[7:0] Xb[7:0)

S[31:24] = 4[15:12] ><b[15:12]

SA4(a,b) S[23:16] = a[11:8] Xb[11:8)

S[15:8] = a[7:4] Xb[7.4]
Si7:0] = a[3:.0) Xb[3.q)

inside the ALU with our STAR-MAC unit, adding the
minimum glue-logic required to interface with the existing
signals. Its impact on area and power will be evaluated in
Sec. VII-F.

C. STAR-MAC UNIT: OVERVIEW

The foundation of our new STAR-MAC unit is the STAR
SWP (BW) multiplier introduced in [4]. An overview of
the operations supported by this multiplier is reported in
Table 2. Among the various multiplier architectures that we
analyzed in [4], we select STAR SWP (BW) because it
is Pareto-optimal in terms of area and power at our target
frequency of 250 MHz.

A high-level diagram of the STAR-MAC architecture is
presented in Fig. 3. The STAR SWP (BW) multiplier receives
16-bit sub-operands from registers A and B, which are the two
source registers for a given RISC-V instruction, along with
the control signals from the RISC-V decoder. These signals
determine the 16-, 8-, or 4-bit operations and decide between
SA or ST according to Table 2, and select which chunk of the
MAC register (MAC-REG) to return according to Table 3.

The output of STAR, s[31.0] in Fig. 3, goes to one input
of the 52-bit adder through a dedicated routing logic called
R-B. This adder input is reserved to receive the multiplier’s
output. The second adder input comes from the ALU register
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TABLE 3. STAR-MAC unit operations using the STAR operating modes of
Table 2. mryyg3.q] corresponds to the MAC register (MAC-REG in Fig. 3).

Operation Description

mriy7.0] += ST16(A[15.07, B[15:07)
+ST16(A[31.16] B[31:16])

mr(31.g) += ST8(A[15.0)> B[1s:0])
+ ST8(A[31:16)> B[31:16])

macl6st

mac8st

mr[23.0] += ST4(A[15.0]. B[15:0]

mac4st
+ ST4(A[31.16) B[31 16])

mr(36.0] += SAL6(A[15.0]- B[15:0])

macl6sa
mrgg.52] += SA16(A[31.16), B(31:16))

Mr46:42,15:0] += SA8(A[15:0]> B15:0))[15:0]
mr(zg.16] += SA8(A[15:0 B15:0])[31:16]
Mr{gg.94,67:52] += SA8(A[31:16] B[31:16))[15:0]
mr(gg.eg) += SA8(A[31:16] B[31:16))[31:16]

mac8sa

mr(51.47,7:0] += SA4(A[15:0] B[15:0))[7:0
mMI46.42,15:8) += SA4(A[15.0], B[15:0))[15: 8]
Mr(41.37,23:16] += SA4(A[15:0], B15:0])[23:16]
mr(36.24] += SA4(A[15:0]> B[15:0])[31:24]
mr[103:99,59:52] += SA4(A[31:16]> B[31:16])[7:0]
Mr{9g:94,67:60] += SA4(A[31:16]> B[31:16))[15:8]
mMI[93.89 75:68] += SA4(A[31:16]> B31:16])[23:16]
mr(gg.76] += SA4(A[31.16]> B[31:16])[31:24]

mac4sa

(ALU-REG) signal ar[33.0;, or from the MAC-REG signal
mry03.0], through R-A. The original Ibex multiplier already
uses the 34 least significant bits of ALU-REG to perform
multiplication instructions that take 3 or 4 cycles to complete.
We reuse that connection and insert MAC-REG to store the
accumulated values produced by STAR instructions. The role
of these two registers will be further discussed in Sec. I1I-D2.
The adder output dys1.¢) is routed back to MAC-REG, through
R-MAC; to ALU-REG, through R-ALU; or goes directly
to the 32-bit output 0[31.0}, through R-O2. The other paths
that reach the output come from ALU-REG and MAC-REG,
through R-O1. The details of the routing system are described
in Sec. III-D3.

Table 3 lists the six STAR-MAC operations and Figs. 4a—f
give more details about their implementation and execution
on the STAR-based Ibex. Each figure shows that every
operation is executed in two clock cycles (CC1 and CC2)
and highlights the involved routing paths. The wide rectangle
represents MAC-REG, which is read and updated at each CC.
The STAR multiplier changes its configuration according to
the functional modes of Fig.2: the active areas of its BW
PPM and output rectangle, white in Fig. 2, now follow the
coloring of the inputs that are multiplied and accumulated.
For ST instructions (Figs. 4a—c), MAC-REG stores a single
accumulated value, colored in orange. For SA instructions
(Figs. 4d—f), it stores different values in parallel, highlighted
by different colors.

Fig. 4a shows the operations required for the macl6st
instruction. In CC1, STAR-MAC multiplies the 16 least
significant bits of A and B, namely Aps.o; and Byis.o),
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and accumulates the product in the 48 least significant bits
of MAC-REG. In CC2, STAR-MAC performs the same
operation with the 16 most significant bits of A and B,
namely Ajsi.16) and B(31.16). A similar approach is used
for mac8st and mac4st, shown in Fig. 4b and Fig. 4c,
respectively. The differences lie in the configuration of
the STAR multiplier and the number of accumulated bits
in MAC-REG: for mac8st, the STAR configuration is set
to ST8 with 32 accumulated bits, while for mac4st, the
STAR configuration is set to ST4 with 24 accumulated bits.
For all three ST cases, STAR-MAC can accumulate up to
216 partial results without overflow. Note that this means that,
for example, a 2D Convolution with 3 x 3 kernels and up
to more than seven thousand channels could be processed
without overflow (2'© > 3 x 3 x 7000). To the best of
our knowledge, typical models that run on MCUs have a
much smaller number of channels per convolutional layer,
thus overflow will never occur in practice.

Fig. 4d shows the operations involved in the macl6sa
instruction. In CC1, Ajys.0) and Byjs.0) are multiplied and
the result is accumulated in the blue portion of MAC-REG.
In CC2, Az1:.16) and By31.16) undergo the same operation,
with the accumulated result now stored in the green part of
MAC-REG. This effectively keeps the results of each parallel
multiplication apart. For mac8sa and mac4sa instructions,
shown in Figs. 4e—f, the multiplier of the STAR-MAC unit
performs SA8 and SA4 operations, respectively. In each CC,
the parallel partial results are accumulated in independent
portions of MAC-REG. To handle these two SA cases,
a configurable adder is required, which can split into two
or four sub-adders. For all SA operations, regardless of
the bitwidth, our STAR-MAC unit can accumulate up to
23 partial results without overflow. This guarantees the
correct execution of DW-Conv kernels up to 5 x 5 (i.e., each
output needs 25 < 2° accumulations). Since larger kernels
are not usually present in TinyML models, we decide not to
support them.

D. STAR-MAC UNIT: DESIGN CHOICES

We now explain in detail our design choices for the STAR-
MAC unit. Specifically, we illustrate how we determine the
number of bits required for the adder unit and the MAC
register, and how we implement the routing system.

1) ADDER DESIGN

In the original Ibex, the Fast multiplier includes a
34-bit adder to sum partial multiplication results. However,
to implement the accumulations described in Sec.III-C,
we must replace it with a more complex adder. To determine
its size, we must consider two possible worst cases: one for
the 16-bit ST operation, represented by macl6st, and one
for the 4-bit SA operation, represented by mac4sa. In the
first case, performing 2'® accumulations of 32-bit partial
products requires 16 additional bits, resulting in a 48-bit
adder. In the second case, performing 2° accumulations of
four independent 8-bit partial products leads to four distinct
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FIGURE 4. STAR-MAC operations for the instructions reported in Table 3: (a)-(c) MAC operations in ST mode for 16-, 8-, and 4-bit precision,
respectively; (d)-(f) MAC operations in SA mode for 16-, 8-, and 4-bit precision, respectively. Each STAR-MAC operation uses the STAR multiplier in
one configuration as reported in Fig.2. The wide rectangle represents MAC-REG.

13-bit adders. To maximize resource sharing, we implement
a single, reconfigurable 52-bit adder that can accommodate
both worst-cases. The adder topology, shown at the top
of Fig. 5, consists of four 8-bit and four 5-bit sub-adders,
all connected through a reconfigurable carry-chain path.
For standard instructions, as well as for our ST custom
MAC instructions, the carry chain connects all the sub-
adders, creating a single 48-bit adder. Conversely, for SA
instructions, the carry chain path is configured depending on
the specific instruction. For macl6sa, one single 37-bit adder
is obtained by combining all the 8-bit sub-adders and one 5-
bit sub-adder. For mac8sa, two 21-bit adders are formed each
by combining two 8-bit and one 5-bit sub-adders. Finally, for
mac4sa, four 13-bit adders are obtained by pairing each 8-bit
sub-adder with a 5-bit one.

2) MAC REGISTER

We design this register to accumulate partial multiplication
results, even for non-consecutive MAC instructions. As we
saw in Sec.IlI-D1, mac4sa is the instruction responsible for
producing the worst-case number of bits—i.e., 52 bits to
store four 13-bit accumulations of four parallel 4-bit MAC
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operations. Since SA operations keep each low-precision
result separate in the multiplier’s output and require two clock
cycles to complete, we need a MAC register size twice this
worst case number of bits, resulting in a 104-bit register.

3) THE ROUTING SYSTEM
Figs. 5-6 show more in detail the routing paths presented in
Fig. 3 and discussed in Sec. III-C. The output s[31.9; of the
STAR multiplier is directly connected to the least-significant
32 bits of the rightmost input of the 52-bit adder via R-B,
highlighted in red in Fig. 5. The remaining 20 bits of the
rightmost input are either set to zero or set equal to the
most significant bit of s[31.0}, which can be s(31}, sp231, s[15)
or s[7], depending on the instruction. The leftmost input of
the adder is provided through R-A, highlighted in orange
in Fig. 5. It comes either from the output of ALU-REG,
by sign-extending it (through the ext blocks) or concatenating
it (through the cnct blocks), or from the output of MAC-REG.
The routing signals to ALU-REG, shown in green in
Fig. 5, simply pass through 3-to-1 multiplexers. Notice that
ALU-REQG is partitioned in sub-registers to match the various
sub-adder components. For the same reason, MAC-REG is
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FIGURE 6. Routing paths R-O1 (purple) and R-02 (pink) for producing the final output o[3;.q of the STAR-MAC unit.

partitioned into 8-bit and 5-bit sub-registers. The routing
signals of MAC-REG, in light blue in Fig. 5, are made
of interconnects with a fanout of two that go into 2-to-1
multiplexers.

Fig. 6 provides more details about the routing paths R-O1
and R-O2 that produce the final output of31.9] of the STAR-
MAC unit. R-O1, in purple, depending on the instruction,
forwards ALU-REG or a selected portion of MAC-REG to
o31:0]- R-O2, in pink, is simply one level of multiplexers to
select between the output of R-O1 or the output of the adder.

IV. OVERVIEW OF THE MP-QNN DEPLOYMENT FLOW
Fig. 7 depicts the seven-step flow that we used to train and
deploy MP-QNNs on the STAR-based Ibex, together with
collecting results for SOA comparisons.

Block A) is the starting point. It takes as input a pre-trained
QKeras DNN model and some user-defined constraints, such
as the allowed bitwidths for weights/activations and the
maximum accepted accuracy drop [9]. Then, an automated
optimization loop, driven by AutoQKeras’s Bayesian Opti-
mization engine, selects a tentative MPQ policy to meet
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the constraints and achieve the desired trade-off between
accuracy and model size, measured as the total number of
bits in weight and activation tensors. Notice that, in our case,
a smaller model size is beneficial not only to reduce memory
occupation, but it also translates directly in a reduction of
its execution time on MCU, as we take advantage of the PS
hardware with STAR-MAC.

The best MPQ model is processed in block B) by the
QKeras-to-TFLM converter. This Python script uses QKeras
APIs to extract model parameters and topology, and so build
a FlatBuffer file similar to the one generated by TF-Lite
when converting a TensorFlow/Keras model. Notice that our
modular approach allows users to replace A) and B) with their
preferred alternatives (e.g., a custom flow from PyTorch to
FlatBuffer) [1], as shown by the dashed lines on the left of
Fig.7.

In point C), we create and integrate in TFLM a few custom
kernels, including 2D-Conv, DW-Conv and FC, to exploit
the acceleration provided by the STAR-MAC unit, along
with some minor modifications to enable MP execution
of QNNS.
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FIGURE 7. The flow we used to train, deploy and accelerate TinyML MP-QNN models on our STAR-based RISC-V Ibex MCU.

In block D), the new FlatBuffer file generated in B), the
source code of TFLM modified in C), and some platform-
dependent files (e.g., linker scripts for memory organization,
platform-dependent support functions such as the printf
support, etc.) are used by the GCC RISC-V Toolchain [39]
to generate the processor’s executable binary file.

To design an SoC that integrates our STAR-based Ibex,
we leverage the silicon-proven ESP [40] shown in block E).
ESP facilitates the integration of processors, accelerators,
memory interfaces, and peripherals. It already supports
the Ibex, along with the necessary platform-dependent
files required to run a baremetal application. Since the
STAR-based Ibex retains the original top-level interfaces,
we seamlessly integrate it into ESP by simply replacing the
Ibex Verilog source code.

In point F), the final SoC can be synthesized targeting
both ASIC and FPGA technologies. In the former case,
our flow provides PPA estimations using Synopsys Design
Compiler, invoked via custom synthesis scripts. In the latter
case, it leverages ESP’s integration with AMD/Xilinx Vivado
HLS for bitstream generation. Finally, the bitstream is used
to program the FPGA, in which the STAR-based Ibex
softcore runs the bare-metal application that includes the final
MP-QNN.

It is worth noting that the flow used in this paper can
also target other MPQ processors, as long as block E), and
optionally blocks C) and D), are adapted accordingly.

V. QKERAS-TO-TFLM CONVERTER

Since the minimum precision supported by TF-Lite when
generating the Flatbuffer is 8-bit, and it does not support
QKeras QNNs, our QKeras-to-TFLM converter replaces
TF-Lite in producing the FlatBuffer. With this crucial step,
we establish for the first time a path to deployment from a
QKeras MP-QNN model to TFLM.

Our new converter takes as input a QKeras model and
builds an equivalent JSON description of its topology,
including weights and quantization parameters, such as
scaling factor (S) and zero point (Z) of weights and
activations. The conversion from JSON to FlatBuffer uses
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the original schema file provided with the TFLM framework.
This ensures that the FlatBuffer remains fully compatible
with the TFLM execution flow.

To perform such a conversion, some preliminary adapta-
tions are needed to account for the differences in quantization
between TF-Lite and QKeras. First, TF-Lite assumes scale
quantization (Z = 0) for weights and affine quantization
(Z # 0) for activations [41]. However, QKeras does not
natively support affine quantization for activations among its
quantizers [9]. Therefore, according to [3], [42], users need
to modify their QKeras models and insert new QActivation
layers, as detailed in [3] after 2D-Conv, DW-Conv, FC,
element-wise addition (Add) and average pooling (Avg-P)
layers, to have independent S and Z values for their output
tensors. Moreover, users need to replace batch normalization
(BN) layers that follow 2D-Conv, DW-Conv, and FC layers
with their folded versions: QConv2DBatchnorm, QDepth-
wiseConv2DBatchnorm, and QDenseBatchnorm.

Next, while S and Z of weight layers are easily extracted
with the corresponding QKeras methods, extracting S and Z
for activation layers requires a post-training calibration step,
as also required by the standard TF-Lite flow.

Another difference between QKeras and TF-Lite concerns
the quantization of the bias in a weight layer. TF-Lite
quantizes it using a scaling factor (Sp) that is the product of
the input (S;) and weight (S,,) scaling factors of that layer
[43], [44]. QKeras, instead, quantizes the bias with its own
scaling factor, independent from S; and S,,. To solve this
mismatch, we force S, = §; x §,, before writing it in
the FlatBuffer. This solution guarantees a proper QKeras-to-
TFLM conversion, but may affect accuracy as shown later in
Sec. VII. Finally, for Conv, DW-Conv, and FC layers, if the
number of channels is not a multiple of the parallelism of
the corresponding STAR instruction, in the final iteration
the last of such instructions would have fewer inputs than
its operands. In such cases, we increase the channels of
the weight tensors to the nearest multiple of the STAR
instruction parallelism and fill these extra channels with
zeroes. We quantify the impact of these changes on the
FlatBuffer size in Sec. VIIL.
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In summary, the QKeras-to-TFLM converter supports
2D-Conv, DW-Conv, FC, Add, max pooling (Max-P), Avg-P,
and Softmax operators, with 16-, 8-, and 4-bit integer
quantization for all layers except Softmax, which uses 16 bits
to preserve accuracy.

VI. STAR-TFLM

In this section, we introduce TFLM and present the changes
made to support MPQ, which result in the custom version
that we call STAR-TFLM. In short, STAR-TFLM supports:
a) kernels for MPQ that implement the most computationally
intensive layers, namely 2D-Conv, DW-Conv, and FC,
leveraging the STAR-MAC instructions; b) other kernels with
MPQ support, namely Add, Max-P, and Avg-P. Although in
our experiments and to ensure reproducibility we select a
specific TFLM version [12], adaptation to newer versions is
straightforward.

A. TFLM BACKGROUND

TFLM is a framework to easily execute DNNs on MCUs.
Its success stems from a lightweight and platform-agnostic
implementation of the engine that manages the underlying
DNN computational graphs, while also offering high cus-
tomizability of the computational kernels to execute DNN
operators associated with each node of that graph, i.e., the
DNN layers. Internally, TFLM goes through two phases.
First, we have an initialization phase in which the FlatBuffer
file is parsed by the MCU. For each node of the graph, the
MCU extracts the layer information, such as S, Z, and the
pointers to the weights memory location. Then, it allocates
and fills the corresponding per-layer C-structs needed in the
next phase. Second, we have the invoke phase. At this stage,
an input sample is written into the input memory location
and the DNN inference process starts. Specifically, for each
operator of the execution graph, an evaluation method is
called, which is in charge of performing the operations
associated with that specific layer of the DNN.

B. STAR MODIFICATIONS

Inspired by vendor-specific source files that provide spe-
cialized computational kernels tailored to their commercial
MCUs, we include our custom kernels into the TFLM com-
pilation flow to exploit the STAR-MAC unit of our modified
Ibex processor. Specifically, we create two folders named
star in the TFLM directories ./tensorflow/lite/micro/kernels/
and ./tensorflow/lite/kernels/reference/integer_ops/, contain-
ing specialized MP-kernels that use STAR-MAC instructions
to support MP-QNNs in TFLM. Here, we report only the most
relevant modifications to the original TFLM.

1) GENERAL MODIFICATIONS

We add the INT4 data type and expand the symmetric kernels
(s) to support INT16, INT8, and INT4 data types, as well
as asymmetric kernels (a) to support any combination of
INT16, INTS, and INT4, for the following layers: 2D-Conv
(s, a), DW-Conv (s, a), FC (s, a), Add (s, a), Max-P (s),
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and Avg-P (s). We also expand the set of TFLM unpacking
functions by adding unpacking schemes 4-to-16 and 8-to-
16 bits. These adjust the bitwidth of input and weight
operands for STAR-MAC, when these are quantized asym-
metrically (e.g., 16 x4): operands with fewer bits are extended
to match the size of those with more bits.

2) MODIFICATION TO THE INITIALIZATION PHASE

For each DNN layer, we modify the corresponding TFLM
files! by adding memory allocation requests for the missing
asymmetric precision cases. In addition to the original per-
layer quantization, we further modify the FC files to add
support for per-channel quantization [41], which typically
results in better accuracy [41]. In fact, we use it for FC layers
in our experiments.

3) MODIFICATION TO THE INVOKE PHASE

In this phase, for each layer of the DNN graph, a specific
computational kernel is called. Like the original TFLM,
STAR-TFLM checks input, weight, and output data types
to determine which kernel and unpacking function to call.
For the Add layer with 4-bit input precision, we use the
4-t0-8 unpacking function. For inputs with 8- or 16-bit
precision, no changes are required. For Max-P and Avg-P
layers, we apply the unpacking functions as for the Add layer.
Moreover, for Avg-P, we add the code to manage S and Z for
the output re-quantization, which is not present in the original
TFLM. For the accelerated layers 2D-Conv, DW-Conv, and
FC, when inputs and weights have asymmetric precision (e.g.,
16 x 4), we use the proper unpacking functions described in
Sec. VI-B1—i.e., if an accelerated layer has 16-bit inputs and
4-bit weights, our implementation unpacks the 4-bit weights
to 16 bits, and the 16 x 16 kernel is invoked.

4) MODIFICATIONS TO THE COMPUTATIONAL KERNELS

We report in Alg. 1 a simplified pseudo-code that represents
our STAR-based TFLM kernel for 2D-Conv, of which the
FC kernel can be considered a special case. We highlight
in orange the for loop where the parallelization enabled by
STAR occurs. This is the inner-most one, as TFLM kernels
use an output stationary dataflow. The number of iterations
of these loops gets divided by the number of parallel MAC
operations that STAR-MAC can compute (N,), which is a
function of the number of bits of its input and weight operands
(Np). Inside the inner-most loop, macst{Np} is called, where
Np = {16, 8, 4} bits.

ST operations suit perfectly FC/2D-Conv kernels. In fact,
in ST mode, STAR can perform the accumulation of
the products between inputs and weights along the input
neurons/channels, saving external additions, as discussed
in [3], [4]. At the end of the accumulations, the content
of MAC-REG is retrieved, as summarized by the retrieve
operation in the pseudo-code, visible at line 15 of Alg. 1.

IModified files are at relative path ./tensorflow/lite/micro/kernels and
named {layer_name}.cc, {layer_name}.h, and {layer_name}_common.cc.

VOLUME 13, 2025



E. Manca et al.: Accelerating Mixed-Precision QNN Inference on RISC-V MCUs

IEEE Access

Algorithm 1 2D-Conv Layer Pseudo-Code

Algorithm 2 Depthwise Conv Pseudo-Code

1: Require: Nj, = 16, 8,4
2: Np =32/N,
3: for b = 0 to batch_size do

4:  for oh = 0 to out_height do

5: for ow = 0 to out_width do

6: for och = 0 to out_channels do

7. macrst()

8: for fh = 0 to filter _height do

9: for fiw = O to filter_width do

10: for fch = 0 to filter_channels/N, do
11: Wigx < f(oh, ow, och, fh, fw, fch)
12: ijge < f(b, oh, ow, och, fh+oh, fw+ow, fch)
13: macst{Np}(W[wigy]l, Ilijgx]) // call the proper macst

(Tab. 3)

14: Oigx < f(b, oh, ow, och)
15: Oloj4yx] <retrieve(MAC-REG)

1: Require: Nj, = 16, 8,4
2: Np =32/N,
3: for b = 0 to batch_size do

4:  for oh = 0 to out_height do

5 for ow = 0 to out_width do

6: for och = 0 to out_channels/Np do

7. macrst()

8: for fh = 0 to filter _height do

9: for fw = 0 to filter_width do

10: Wigx < f(oh, ow, och, fh, fw)
11: iijgy < f (b, oh, ow, och, fh+oh, fw+ow)
12: macsa{Np}(W([wigx1, Ilijax]) // call the proper macsa

(Tab. 3)

13: for np = 0 to N, do
14: 0igx < f (b, oh, ow, och, np)
15: Ol[0j4y] <retrieve(MAC-REG[np])

We omit the bias addition and the re-quantization of the
output—i.e., the operations involving S, Z, rounding and
clipping that adjust the output bitwidth for the next layer—
to keep the pseudo-code clean and simple.

The pseudo-code of our STAR-based DW-Conv TFLM
kernel is shown in Alg. 2. Accelerated loops are highlighted
in orange. Here, N, channels are computed in parallel and
their accumulated results are stored separately in MAC-
REG, until all the convolutions between the N, kernels and
the corresponding receptive fields are computed. Since no
accumulation along the channels occurs, SA instructions fit
perfectly this task [3], [4]. Similarly to the FC/2D-Conv
kernels, we develop a DW-Conv kernel for each macsa{Np}
instruction, where N, = 16, 8, 4 bits. In this case, a loop is
needed to retrieve all independent results from MAC-REG,
as shown at lines 13—15.

VIl. EXPERIMENTAL RESULTS

In our experiments, we use the well-known MLPerf Tiny
benchmark [10], developed collaboratively by academia
and industry to evaluate TinyML software and hardware
solutions. It comprises four models, each designed for a
specific task representing typical edge applications executed
on MCU-based platforms: anomaly detection (AD), image
classification (IC), visual wake words (VWW), and keyword
spotting (KS).

The AD task uses an autoencoder, which is a sequence of
FC layers. This model uses Area Under the receiver operating
characteristics Curve (AUC) as performance metric, while the
others use accuracy. IC task uses a custom version of ResNet-
8. VWW uses a smaller version of MobileNetV1, which
stacks several DW-Separable layers, whose structure consists
of a DW-CONYV layer followed by a Point-Wise layer, i.e.,
a standard 2D-CONYV with 1 x 1 filters. KS uses the model
named ds_cnn, also made of DW-Separable layers.

A. MODEL TRAINING AND ACCURACY ANALYSIS

For each model, we use AutoQKeras to find the correspond-
ing MP-QNN model that maximizes the performance on the
validation set and minimizes the total number of bits for

VOLUME 13, 2025

TABLE 4. Test accuracy for the (1) flat- and MP-quantized MLPerf Tiny
models obtained in (2) QKeras, (3) QKeras after calibration, (4) QKeras
after calibration without output re-quantization for Avg-P layers, and
(5) QKeras after calibration with bias S (Sp) forced like in TFLM. In bold
the accuracy obtained with the strategy selected for STAR-TFLM.

(1) 2 3 @ 5

MLPerf QKeras QKeras QKeras QKeras
Tiny w/ calibr w/ calibr w/ calibr
Model w/o Avg-P re-quant w/ S,=S; XS,
Image Classification (IC) [%]
4-bit flat 79.0 76.5 62.0 72.0
8-bit flat 89.5 90.5 90.0 90.0
16-bit flat  89.5 89.0 89.0 84.5
MPQ 87.5 88.0 88.0 88.0
Visual Wake Words (VWW) [%]
4-bit flat 50.0 50.0 50.0 50.0
8-bit flat 87.2 87.5 87.5 87.3
16-bit flat  87.3 87.4 87.4 84.3
MPQ 85.3 84.3 75.7 834
Keyword Spotting (KS) [%]
4-bit flat 70.7 339 50.9 354
8-bit flat 914 91.3 91.3 91.2
16-bit flat  91.3 91.3 91.3 91.3
MPQ 89.4 88.4 88.4 89.6

Anomaly Detection (AD) [AUC]

4-bit flat 0.68 0.54 - 0.58
8-bit flat 0.91 0.88 - 0.88
16-bit flat  0.88 0.84 - 0.65
MPQ 0.89 0.88 - 0.88

each layer. More information on the search strategy and the
per-layer precision distribution of the resulting models can
be found in [3] and [9], respectively. Table 4 reports the test
accuracies of the four MLPerf Tiny MP-QNN models from
AutoQKeras (MPQ in Table 4) and the flat-quantized models,
where all layers use the same precision. Our baseline is the
test accuracy obtained in QKeras after training the 4-, 8-,
16-bit flat models and the MP-QNN models, as reported in
column (1). Column (2) reports the test accuracy of QKeras,
while column (3) reports the test accuracy after the calibration
process. We also report the results of an ablation study aimed
at assessing two optimizations introduced in STAR-TFLM
with respect to the original TFLM, as previously described
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in Secs. V=VI. In the first one, we disable in QKeras the
re-quantization of the output tensor of the Avg-P layer
(column (4)): this affects all models except AD, which has
no pooling layers. In the second, we force in QKeras the
method used in TFLM for the scaling factor of bias values,
ie., Sp = 8; x S,y (column (5)).

In general, we found that setting S and Z of the activation
layers to fixed values obtained through calibration does not
significantly impact accuracy. An exception is the 4-bit flat-
quantized models, which already exhibit clearly suboptimal
accuracy. Nonetheless, we include them in the performance
evaluation to represent a lower bound on computational cost.

The results in column (4) show that, while IC and KS
retain the same accuracy of column (3), the MP-QNN VWW
model experiences a 9% drop. The reason is that this model
uses 4-bit for the Avg-P output. These findings highlight
the importance of re-quantizing pooling outputs to preserve
accuracy.

The results reported in column (5) show that using the
TFLM choice for S;, has a detrimental impact for three out
of four models (IC, VWW, AD) in the 16-bit flat case.
In contrast, the MPQ versions are minimally affected, even
though some of our MP-QNN models indeed contain 16-bit
layers. Therefore, we decide to keep the TFLM choice for Sy,
and thus the results in bold represent those obtained with our
STAR-TFLM.

B. TEST METHODOLOGY

We use ESP [11] to integrate our modified Ibex in an SoC
and test it on an FPGA. We compare the original TFLM
against our STAR-TFLM when running the flat-quantized
and the MP-QNN MLPerf Tiny models, under seven different
experiments. In each experiment, we measure the total
inference time in clock cycles using the RISC-V internal
performance counter, discarding the results of the first
samples for cache warm-up. As for the ESP configuration,
we use three tiles: processor, I/O, memory. Here we
explain the seven experiments, whose results are reported in
Figs. 8-10.

1) In the standard case, we follow the original 8-bit
TFLM deployment flow to deploy the four 8-bit flat-
quantized MLPerf Tiny QKeras models without STAR
instructions.

2) In standard unroll, we still use the same 8-bit flat-
quantized models of the standard case without STAR
instructions. However, we manually unroll the loops
in which the STAR parallelization would occur if we
used the STAR instructions (loops highlighted in orange
in Algs.1-2). In this way, the resulting TFLM code
executes these loops the same number of times as
the STAR-TFLM code would do when using the 8-bit
STAR-TFLM kernels. This experiment represents our
baseline to show the benefits of using the STAR-MAC
unit: by comparing the STAR-accelerated cases with this
case, we will appreciate the hardware speed-up given
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FIGURE 8. Comparison of FlatBuffer size of the four MLPerf Tiny models
(IC, AD, KS, and VWW) in the different experiments explained in Sec. VII-B.

solely by STAR instructions. Thus, we normalize all the
other results in Figs. 9-10 to this experiment.

3) In emulate star, again we use the 8-bit flat-quantized
models, this time with the STAR-TFLM code. However,
STAR custom instructions are emulated by a sequence
of standard RISC-V 32-bit instructions mimicking the
arithmetic operations in Table 3. This setup allows us
to assess the overhead of the STAR-TFLM code with
respect to the original TFLM. Moreover, it enables users
to run the entire flow, or STAR-TFLM alone, on standard
MCUs without the STAR-MAC.

4-6) In STAR intl16, STAR int8, and STAR int4 we use the 16-,
8-, and 4-bit flat-quantized models, respectively, and
we use the STAR-TFLM code with our custom STAR
instructions. It is precisely from these experiments that
we expect a significant reduction in execution time.

7) From STAR MPQ, where we use MP-QNN models
with our STAR-TFLM custom code we expect the best
trade-off of execution time, accuracy, and FlatBuffer
size.

In Figs.8-10, we use different patterns to highlight the
fraction of time spent executing the main kernels (2D-
Conv, DW-Conv, and FC), unpacking (as required by STAR-
TFLM), and other non-accelerated TFLM kernels (Add and
Softmax).

C. FLATBUFFER SIZE

Fig. 8 reports the FlatBuffer size for all experiments and
for all MLPerf Tiny models. We omit standard unroll and
emulate STAR because their sizes are the same as the standard
version.

In standard, the weights are quantized with 8 bits and
packed in 32-bit words (4 weights per word). For this reason,
its FlatBuffer size is similar to that of STAR int8, except for
KS that shows an increment of 20% that will be explained
shortly. As expected, the size of the FlatBuffer for STAR
intl16 almost doubles that of the standard version (+80% on
average over the four MLPerf Tiny models). In contrast, since
the STAR int4 case packs eight 4-bit weights in 32-bit words,
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FIGURE 9. Execution times, in terms of clock cycles, of the four quantized MLPerf Tiny models (IC, AD, KS, VWW) and their average. Results obtained on
the STAR-based Ibex for the seven experiments explained in Sec. VII-B. Clock cycles are normalized to the standard unroll case. The number of clock
cycles to execute each of the network in the standard unroll case is reported in parenthesis in the top-right legend. Execution times of layers (2D-Conv,
DW-Convy, etc.) are shown through patterns. STAR MPQ no-unpack removes the cycles of the unpacking functions from STAR MPQ.

it almost halves the memory requirements, in most cases,
compared to the standard configuration. In fact, the average
reduction for this case is —32%, with KS showing a small
reduction of —5% even though the overall network is flat-
quantized at 4 bits. Notice that the obtained reduction is less
than the theoretical —50% decrease of model size for an ideal
INT4 quantization. Notice also the +20% increase of KS in
the STAR int8 case, which we would expect to have the same
size of the standard case. This is because of the padding that
must be introduced to fulfill the requirements on the number
of operands of the STAR-MAC unit, as explained in Sec. V.
In particular, the +20% increase and the —5% decrease of the
FlatBuffer size of KS against standard is due to its particular
model architecture, which has only one channel in the input
tensor. This means that the QKeras-to-TFLM converter needs
to pad the weight tensor of the first layer with many zeros
(seven in the 4-bit case, three in the 8-bit case, and one in
the 16-bit case). Moreover, the kernel size of these filters is
10 x 4, resulting in 40 elements per channel, which is much
greater than the 9 elements of an usual 3 x 3 filter. Thus, the
padding significantly burdens the final FlatBuffer size for KS.
Overall, STAR MPQ shows a smaller FlatBuffer size than the
standard case, primarily because the majority of layers are
quantized with 4 and 8 bits.

D. EXECUTION-TIME RESULTS

Fig.9 reports the execution times of the four quantized
MLPerf Tiny models running on the STAR-based Ibex in the
seven experiments. Each result is normalized with respect to
the standard unroll case. The number of clock cycles of this
case is reported in parenthesis in the top-right legend of the
figure. For each experiment, we also add a fifth bar for the
average of the normalized values.

The standard version of TFLM and the emulate STAR
version require, on average, 16% and 14% more clock
cycles, respectively, than the standard unroll baseline.
This result quantifies the unavoidable software overhead of
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STAR-TFLM, as estimated by emulate STAR in comparison
with the baseline. When exploiting the MAC-STAR unit and
its custom instructions, we observe a reduction by —33%,
—58%, and —68% for the STAR int16, STAR int8, and STAR
int4, respectively, with a peak reduction of —82% for AD
in the STAR int4 case. The STAR MPQ shows an average
reduction of —41%. However, this average result is largely
impacted by the high number of unpacking operations of the
MP-QNN model in the AD case. This is evident from the
starred orange pattern in Fig. 9, which shows that the cycles
spent on unpacking operations account for more than half
of the execution time. The reason is that the autoencoder
has layers with a large number of weights that need to be
unpacked at runtime when its layers are quantized with a
different bit-widths for inputs and weights.

Note that if the inference is run consecutively for a number
of times, weights can be unpacked only once. To assess
the performance in the best case in which the unpacking is
amortized over a very large number of runs, in the right-
most experiment called STAR MPQ no-unpack in Fig.9,
we remove the unpacking time. In this experiment, the
execution time for AD is halved and the average number of
clock cycles for executing MP-QNN MLPerf Tiny models
using STAR-TFLM against standard unroll is reduced from
—41% to —53%.

Fig. 10 shows the normalized reduction in the number of
clock cycles per type of layer, namely 2D-Conv, DW-Conv,
and FC, averaged over the four MLPerf Tiny models. The
graph compares the execution time of the three types of layer
that can be accelerated by our STAR-MAC unit. Overall,
we observe a similar trend as in Fig.9: standard is the
slowest, and STAR int4 is the fastest. The FC layer achieves
the highest acceleration factor, mostly due to the higher ratio
of accelerated vs total operations in its algorithm compared to
2D-Conv and DW-Conv. For the same, yet opposite reason,
the DW-Conv layer benefits less from acceleration than the
others.
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FIGURE 10. Normalized number of clock cycles per type of layer
(2D-Conv, DW-Conv, and FC) averaged over the four MLPerf Tiny models.

E. DISCUSSION
From the results reported in Table 4 and Figs. 8-10, we can
make the following observations:

o MP-QNNs obtained with AutoQKeras retain the FP
accuracy and are competitive with other quantization
techniques such as 8-bit flat quantization;

o STAR can provide a significant acceleration, with STAR
MPQ achieving an average latency reduction of 53%.

o The FlatBuffer size for these MP-QNNs is on average
27% lower than the 8-bit flat quantization strategy.

These results highlight a trade-off between accuracy,

inference time, and FlatBuffer size. As expected, the 4-bit
quantized model has the best latency (—68%), the smallest
FlatBuffer (—32%), and the lowest accuracy. Conversely, the
16-bit flat case has the same accuracy of the FP case, but
shows the worst latency (—33%) and the largest FlatBuffer
size (+80%). Our proposed MP-QNNs [3] fall between the
16- and 8-bit in inference time, and between the 8- and
4-bit in FlatBuffer size. Notice that, despite the small power
overhead reported in Table,5, the energy is also significantly
reduced due to the large reduction in latency.

F. COMPARISON AGAINST STATE-OF-THE-ART MPQ
PROCESSORS
In Table 5, we compare our STAR-based Ibex with other
SoA processors that support MPQ. Our version of the Ibex
is synthesized at 250 MHz using Synopsys Design Compiler
on a commercial 28-nm standard cell library, while area and
power figures of the other processors are taken from the
corresponding publications. Notice that all processors are
directly comparable because they share the same technology
node, except for [20] which is synthesized using a newer
technology but, despite this, reports sub-optimal results when
compared to our solution. Moreover, we do not compare with
Dustin [21] because it was proven in [14] that it is sub-optimal
in area and power with respect to XPulpNN [20].

From the analysis, it is evident that our solution achieves
the smallest silicon area. At an equivalent clock frequency
of 250 MHz, it occupies approximately 46% less area than
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TABLE 5. Comparison against other SoA MPQ processors.

XPulp- XPulp- Bisdu ICCAD’24 Ibex

NN NNTR! TR Ibex [This

[20] [14] [14) [19] work]
Technology FDX FDSOI FDSOI TSMC28 TSMC
[nm] 22t 28t 28t (ASAP )t 28
Precision 32 32 range 32 32
[bit] 16/8/4/2 16/8/4/2 32to1  8a.8/42w. 16/8/4

sym. sym. asym. asym. sym.
CIk Freq. R s 250 (core)
[MHz] 250 1°150 I'150 55 (MAC) 250
Area 17°361

> t s t s t s
[um?] 21’913t 275287 23°159 (38°000)1 11°893
Power 1.50

t t i

[mW] 1.22 19.77 16.71 0.58)t 0.96
MACs/clk | 2 2 0.125 B 1
GOPS 66 ! 4.6 0.29 B 0.50
GOPS/W | 820 233 17 B 522
GOPS/W/mm? 374 8.5 0.7 439
MACs/clk | 4 4 0.5 4 2
GOPS s 2 9.2 1.15 2 1
GOPS/W | 1639 465 69 1330 1045
GOPS/W/mm? 74.8 16.9 3.0 76.6 87.9
MACs/clk | 8 8 2 8 4
GOPS s 2 18.4 4.6 4 2
GOPS/W | 3279 931 275 2660 2090
GOPS/W/mm? 149.6 33.8 11.9 153.2 175.7

GOPS =2 [OPs/MAC] x [MACs/clk] x Clk Freq. [GHz].
 In [14], XPulpNN is implemented on a TinyRocket (TR) core.
T Values from the authors’ corresponding paper.

XPulpNN, and 31% less than the Ibex variant presented
in [19], after normalizing its values to the our technology
node to ensure a fair comparison.

This advantage comes from two contributions: the initial
choice of processor—we intentionally selected a minimal-
area baseline to better suit ultra-constrained IoT edge appli-
cations with MP workloads—and the STAR-MAC efficiency,
as we discuss at the end of the subsection.

Our design also shows the lowest power consumption
(0.96 mW at 250 MHz), outperforming XPulpNN and [19] by
21% and 36%, respectively, despite being synthesized on an
older technology node (28 nm). Furthermore, compared to the
original Ibex [5], the STAR-based Ibex incurs only a 7.3%
increase in power consumption.

Nonetheless, our integrated STAR-MAC unit results also
in a limited area overhead of just 12.2% compared to the
original Ibex, synthesized with the same technology and
clock frequency, allowing the final design to maintain a
competitive area footprint.

When considering theoretical energy efficiency (GOPS/W)
(i.e., excluding software and compiler overheads), STAR-
MAC outperforms Bisdu [14] by 30.71x at 16-bit, 15.14 %
at 8-bit, and 7.60x at 4-bit, and XPulpNN on the TinyRocket
(TR) core by 2.24x at each precision. Nonetheless, its
energy efficiency is 36% lower than XPulpNN across all
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precisions, and 21% lower than [19] at 8- and 4-bit. However,
if we use a metric that incorporates area together with
performance and power, such as energy efficiency per unit
area (GOPS/(W-mm?)), our STAR-based Ibex improves
over [20] by 14.8% at 16-bit, and over [19] and [20] by
14.9% and 12.9% at 8-bit, and by 14.9% and 12.8% at 4-bit,
respectively.

To conclude, we compare the solutions of Table 5 in terms
of MAC unit.

Comparing STAR-MAC with [19] and XPulp-NN [29],
our solution results in a smaller area occupation because it
uses a single multiplier to support different precisions through
internal reconfiguration [4]. In fact, [19] proposes a MAC
design with four 17-bit multipliers, while [29] implements
precision-scalability via many mutually exclusive dataphats,
each composed of N multipliers according to the supported
operands precision, e.g., N={1,2,4} for 16- 8- and 4-bit
operands. Finally, since the results of [14] show that, on the
same TR core, the Bisdu MAC unit is less efficient than the
XPulp-NN one at 4-, 8-, and 16-bit precision, we conclude
that STAR-MAC outperforms Bisdu as we just proved that
STAR-MAC is more area efficient than [29].

VIil. CONCLUSION

In this paper, we presented STAR-MAC, a novel precision-
scalable Multiply-and-Accumulate (MAC) unit, and inte-
grated it into the low-power RISC-V Ibex core, to meet
the growing need for energy-efficient, low-latency near-
sensor inference in IoT applications. We also introduced
a custom version of TensorFlow Lite for Microcontrollers
(TFLM) and designed a method for generating a TF-Lite
FlatBuffer from a trained MP-QNN QKeras model. Using
our combined hardware-software approach based on the
STAR-based Ibex and a modified version of TFLM, we show
an average 68% latency reduction across the four MLPerf
Tiny MP-QNN models running on an FPGA-based System-
on-Chip, a FlatBuffer smaller by 27%, and a negligible
accuracy loss. Moreover, synthesis results on 28-nm CMOS
technology revealed that the STAR-based Ibex is the most
energy-efficient processors per unit area among state-of-the-
art solutions, with a peak of 175.7 GOPS/W/mm? at 4-bit.
It also showed little to no accuracy loss, and a minimal
overhead in area (+12.2%) and power (47.3%) over the
original Ibex.
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