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Abstract—This article presents a high-precision close-to-analog
programming methodology for phase-change memory (PCM)
cells, targeting analog in-memory computing (AiMC) archi-
tectures for edge-artificial intelligence (AI) applications. By
leveraging an iterative accumulation approach during the verify
phase, the proposed technique enhances the effective number of
bits (ENOBs) achievable in PCM cells. Experimental validation
on a 28-nm STMicroelectronics FD-SOI PCM-based AiMC
macro demonstrates the capability to accurately program large-
scale matrix-vector multiplication (MVM) weights. The results
highlight the potential of the proposed programming scheme to
overcome intrinsic device variability, resulting in high accuracy
in MVM computation. The methodology also shows promising
applicability for mapping deep neural network (DNN) and large
language model (LLM) weights with high precision, reaching an
ENOB of 10.5.

Index Terms—Analog in-memory computing (AiMC), analog
programming, deep neural network (DNN), large language model
(LLM), matrix-vector multiplication (M VM), phase-change mem-
ory (PCM).

I. INTRODUCTION

ATA-CENTRIC applications and artificial intelligence
D(AI) have driven advancements in computing archi-
tectures to overcome the traditional Von Neumann model.
Specifically, conventional processing systems exhibit a con-
siderable energy consumption overhead ascribed to data
movements, since processing units and memory are physi-
cally separated [1]. Along with compute-in-memory (CiM)
architectures [2], [3], analog in-memory computing (AiMC)
addresses this challenge by executing operations directly in
the non-volatile memory unit, typically through Ohm’s and
Khirkhoft’s laws.
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As reported in [4], a one-transistor, two-RRAM (1T2R)
resistive memory cell can store 2 bits by integrating two-
RRAM devices per cell with orthogonal bitlines (BLs) and
employing parallel current-voltage sensing. In addition, the
work in [5] presents a non-volatile metal-ferroelectric—metal
(MFM) core enabling high-precision AiMC. In [6], a reconfig-
urable floating-gate memory supports multilevel conductance
with 7-bit operation. Finally, [7] demonstrates an AiIMC sys-
tem with an electrochemical random access memory device.
In this context, AIMC architectures based on phase-change
memory (PCM) devices have emerged as a promising technol-
ogy for accelerating machine learning workloads at the edge
[8], offering significant improvements in energy efficiency and
computational density. The core computational primitive in
AIMC systems is the matrix-vector multiplication (MVM),
which is typically executed by encoding matrix weights
as conductance states of PCM cells and input vectors as
pulsewidth modulation (PWM) signals. Furthermore, multi-
level programming increases the computing density of IMC
and AiMC cores with respect to conventional binary storage
by minimizing the number of cells required for computation.

Emerging workloads such as large language models (LLMs)
introduce additional challenges for AIMC systems [9]. In
particular, LLM weight and activation distributions are char-
acterized by high kurtosis and heavy tails, with the presence
of outliers that play a critical role in preserving inference
accuracy. As highlighted in [10], directly mapping the weights
of LLM layers onto AiMC tiles with limited effective precision
leads to significant accuracy degradation. Achieving high
computational precision in such systems critically depends on
the ability to program PCM cells to fine-grained multilevel
conductance states [11].

Also, deploying deep neural network (DNN) weights onto
AIMC cores presents challenges, as it often requires per-
column rescaling and normalization to fully exploit the
dynamic range of the MVM outputs [12], [13]. This rescaling
significantly increases the number of distinct conductance
levels that must be accurately programmed within the memory
array.

Prior approaches have attempted to mitigate these issues
through hardware-aware (HWA) training techniques that
explicitly model quantization noise, device non-linearity,
and temporal drift [14]. However, such methods are
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computationally expensive and particularly challenging to
apply LLMs due to their large number of parameters involved.
As a result, improving the precision in programming the
memory devices becomes a key enabler for accurate LLM
and DNN inference on AiMC hardware, independently of the
adopted training methodology.

The key contribution of this article is to address a circuit-
level limitation of AIMC macros, namely, the restricted ADC
resolution when the same read paths are used for both
computation and verify step in the programming phase, as
typically required to minimize weights programming errors
originating from read-path mismatches and nonidealities. In
large AiMC macros, this constraint prevents conventional pro-
gramming schemes from achieving high precision. Extending
[15], this article proposes a high-precision, close-to-analog
programming algorithm for PCM cells that exploits iterative
accumulation of ADC readouts during the verify phase to
effectively increase the resolution beyond the native ADC
resolution. This approach enables a substantial reduction in
programming error and a significant increase in the effective
number of bits (ENOBs), thereby improving the accuracy of
the stored weights in AiMC arrays.

This article is organized as follows. Section II reviews
PCM-based AiMC architectures and summarizes state-of-the-
art multilevel programming techniques. Section III details
the proposed analog programming methodology, showing the
theoretical framework for resolution increase through accu-
mulation. Section IV presents experimental results obtained
from a 28-nm PCM AiMC macro [16], briefly describing
the programming circuitry and demonstrating the efficacy
of the method in programming MVM weights. In Section V,
the influence on MVM accuracy over time is shown, also
when combined with techniques to compensate cells drift.
Section VI discusses case studies involving the deployment
examples of DNNs and LLMs on AiMC hardware using the
proposed programming scheme. Finally, Section VII concludes
the article.

II. PCM-BASED AIMC ARCHITECTURES

A. Matrix-Vector Multiplication

The typical structure of an ePCM-based AiIMC core is
depicted in Fig. 1. The MVM is executed in the memory array,
which leverages the physical properties of the memory cell
to implement analog computations, whereas inputs encoding
and the outputs readout are managed by a finite-state machine
(FSM). Dedicated programming circuitry is devoted to the
non-volatile weights programming. All operations are typically
arranged by a microcontroller (uC) integrated in the same
macro.

MVM z = W - x can be executed within an ePCM array
of dimensions n x m as illustrated in Fig. 2(a). Each matrix
element w; ; is represented by conductance g;; stored in one
or more PCM devices. The input elements x; of the vector
X = [xy,...,x,] are generally encoded in PWM intervals T;,
which are applied to the ith wordline (WL) [17]. By biasing the
jth BL with a voltage Vp and integrating the resulting currents
iBLi; = &, Vs, the charge Q?’WM of the whole BL accumulated
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Fig. 1. Typical architecture of an ePCM-based AiMC core. The MVM is

executed within the memory array, while input encoding and output readout
are managed by an FSM. Dedicated programming circuitry provides non-
volatile weight storage, and a microcontroller (uC) integrated in the same
macro orchestrates and schedules all operations.

over the maximum integration time 7MAX

ADC is
MVM _
o |
0

The BL electrical charge is then converted into an N-bit digital
string by the corresponding ADC to generate the MVM output

[18]
MVM
zj = LQj 2NJ )

supported by the

TMAX

ipL; (t)dt = Vg ) _ gi,Ti. (1)

i=1

OFsr

where Qpsgr corresponds to the ADC full scale range.

The precision of the MVM z = [z, ..., z,] is limited by dif-
ferent error contributions, such as current-over-resistance (IR)
drop [19], A/D conversion non-linearity [20], temperature-
and time-induced drift [21], [22], and limited coeflicients
programming precision. Focusing on the latter contribution,
this work targets multilevel programming of conductances g; ;,
which is essential in PCM-based AiMC.

B. State-of-the-Art PCM Cells Multilevel Programming
Techniques

PCM cells’ programming algorithms have evolved to
address intrinsic challenges such as device variability, conduc-
tance drift, and the stringent requirements on programming
accuracy [19]. The programming process typically involves
iterative execution of program-and-verify (P&V) steps until
the cell conductance g; ; converges within a specified tolerance
to the target value. During each iteration, a current or voltage
pulse is applied to incrementally adjust the cell conductance
[23], modulating it between two extreme states: the high-
conductance SET state and the low-conductance RESET state.
The programming operation is managed by dedicated write
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Fig. 2. AiMC operation modes. The computational phase of an MVM operation is represented in (a), showing the BL currents as a function of time. The
P&V of cell g;; requires first the application of a current pulse to the selected PCM device (b) through dedicated programming circuitry; then, by activating
the corresponding ith WL for a time interval TMAX the cell conductance is measured and read on the corresponding N-bit ADC (c).

circuity, which commonly exploits a distinct path with respect
to analog computations [see Fig. 2(b)]. Consequently, several
P&V strategies have been developed, primarily aiming to
maximize the ENOBs per cell.

Statistical models that capture the stochastic crystallization
dynamics to optimize programming pulses have been proposed
in [24]. In [25], an adaptive pulsewidth and pipeline-based
programming methodology is introduced, achieving an ENOB
of 4. Hybrid programming techniques, such as those presented
in [26], employ bidirectional programming curves to accelerate
convergence, reducing the time-to-program and attaining an
ENOB of 4.

The work in [13] leverages a dual-cell architecture com-
bined with a tunable P&V algorithm, reporting an ENOB
of 4. Differential weight encoding approaches, exemplified
by [27], utilize voltage-driven weak SET-staircase (SSC) pro-
gramming to mitigate drift-induced fluctuations, achieving an
ENOB of 6. Similarly, the quad-cell architecture described in
[28] compensates for undershoot and overshoot effects during
programming, yielding an ENOB of 5.

Gradient descent-based programming, as demonstrated in
[29], directly minimizes MVM errors by iteratively updating
conductances using stochastic gradient information derived
from on-chip computations. The methodology in [20] employs
current-driven SSC with P&V, achieving an ENOB of 5.5.

III. ANALOG PROGRAMMING OF PCM CELLS
A. ADC-Based Cells Programming

As previously mentioned, PCM cells’ multilevel program-
ming requires a conductance readout at each verify step.
As illustrated by Fig. 2(c), this step typically employs the
same ADCs used for the MVM computation, ensuring that
the programming process accounts for non-idealities in the
computation chain, such as variability and non-linearity [30].
The readout of the conductance of a single PCM device,
denoted as g;;, during the verify step can be accurately
performed by selectively activating the corresponding ith WL
for the maximum activation interval TMAX_ This selective
activation ensures that only the targeted device contributes
to the integrated current. As a result, the jth ADC produces
a digital output string z;;, which encodes the quantity Q; ;
defined as

0 = Vagi, TM (3)

so that

OFsr

Since the ADC full scale range Qgsr is chosen in relation to
(1), Orsr is reasonably much higher than the maximum value
Q%AX = VpgMAXTMAX of (3) where gM2X is the maximum
conductance of PCM cells. Since the ADC is assumed to have
a resolution of N bits, the effective number of bits N.g, of the

. {ﬁzNJ . @)

digital output z’** encoding Q}/**, can be expressed as
1
Neg = N —log, (—) 5)
Y
where VAX
Q;;
= —Q:SR <. (6)

The effective number of bits in (5) quantifies the actual res-
olution available for representing a single cell reading within
the ADC dynamic range. A proof of the previous equation can
be found in the Appendix.

The value of y depends on the actual hardware implemen-
tation and technology of the AiMC core and quantifies the
resolution loss of the single cell programming output with
respect to the available ADC N bits. Assuming that the ADC
is specifically dimensioned to have Qpsg corresponding to
the maximum value of the MVM output (1), i.e., Opsg =
nVp gMAXTMAX and y = 1/n, (5) becomes Neg = N — log, n.
As a result, the increase in the number n of cells per BL
produces a decrease in the precision of the programming,
yielding to a trade-off between computing capacity and MVM
weights programming resolution.

Since gMAX is generally limited by technology and the BL
biasing voltage Vp must remain consistent with the value
used during MVM computations, increasing y can be achieved
by increasing the integration time 7M4X in the programming
phase, which corresponds to lowering the clock frequency
that drives the PWM input signal. Nevertheless, this approach
cannot increase Neg beyond the ADC native resolution N.

B. Accumulation for Fairly Analog Programming

To overcome the previous limitation, we propose to iterate
the computation of Q;; and its conversion to z; ; at each verify
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2Net 2N and 2Mer. The figure highlights how the native ADC resolution can be extended by exploiting the accumulation factor M. (b) and (c) Schematic
representation of the variability on samples z; j[4] to allow for programming resolution increase with accumulation; k is representative of the generic ADC
output level. The cell variability in (b) is not sufficient to grant an accuracy increase, whereas in (c), variability enhances the output resolution. More specifically,
in (b), additional log, M bits of the digital string do not convey any information, since the accumulation effect would correspond to a left-shift.

step. The digital samples z; ; obtained at each iteration A are
then accumulated in the microcontroller as

2% Zz,, [h] (7)

where M denotes the total number of iterations. Therefore, the
overall effective number of bits, N ’ﬁ, associated with z“’t an
be expressed as

1
Nig = Neg +log, M = N —log, (—) +log, M . ()
Y

Consequently, if M > 1 /y, the number of possible target
values for zt‘" given by 2%, can exceed the N-bit resolution
of the ADC [see Fig. 3(a)]. With this choice, the maximum
value for the digital string z% is equal to Mz** = 2N — 1
and corresponds to an equlvalent analog charge M Q%AX >
Orsr, as shown in Fig. 3(a). Equation (8) proves that the
accumulation-based P&V algorithm theoretically enables a
fairly analog programming of the PCM cell conductance with
enhanced accuracy. The theoretical achieved displacement of
Ny relative to the resolution N of the ADC is shown in
Fig. 4(a), which reports the trend of N; as a function of M
for different values of y [as defined (8)]. It should be noted
that the condition N; < N represents a degradation of the
programming resolution with respect to the ADC resolution,
and this loss is more evident the lower values for v and M are.
A gain in programming resolution (N; > N) can be achieved
when M > 1/y, as represented by the vertical dashed lines.
However, an additional condition must be added on Q;;
variability over samples to guarantee that the additional log, M
bits in (8) convey information. As shown in Fig. 3(c), Q; ; read
at each step /1 need to vary sufficiently so that the converted
samples z; j[h] spread across different quantization levels. If,
instead, the output samples all fall into the same quantization
level at every step h, as in Fig. 3(b), the accumulation does
not add any information. Let us assume that the variability of

Q;,; could be represented as a Gaussian noise with standard
deviation 0. The condition to ensure that the samples are
distributed over multiple quantization levels is given by oo >
Orise/ V12, where QOrsg denotes the ADC quantization step
defined as Qrsp := Qpsr/2", and Qrsp/ V12 corresponds to
the standard deviation of the quantization noise [31], which is
characterized by a uniform probability distribution. Under this
assumption, let us assume the peak-to-peak amplitude Q7 f of
the charge Q;; as Q] = 607¢. This yields to a condition on
o

pp

u oy V3 ©

Orsk 2N

which has to be satisfied so that multiple accumulations grant
an increase of the verify accuracy for all possible cell values
over the conductance range. The sources of variability are
mainly ascribed to PCM cells’ noise and computation chain
non-idealities. It should be noted that the constraint on the
variability of Q;; becomes less severe as the ADC number
of bits N increases with fixed Qgrsg. In PCM devices, the
noise-induced sample distribution across multiple levels can
be empirically verified with the sample amplitude z/7 i as
confirmed by the experimental results shown in Section IV.

C. Programming Algorithm and Equivalent Number of Bits
(ENOB)

Fig. 5 reports the sketch of the iterative P&V algorithm of
a PCM cell. The process begins with the definition of a target
value AE";, which is subsequently compared to the accumulated
measured output z ' in order to verify the state of the cell. If

the programming error

atot tot
Lij T %

(10)

gy =

is less than the programming tolerance A, > 1, the pro-
gramming process terminates. Otherwise, a new programming

attempt, typically involving the application of an appropriate
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Fig. 4. (a) Theoretical trend of the effective programming resolution N/ as
a function of the accumulation factor M for different values of y, as given
by (8). Vertical dashed lines show that increasing M allows to increase the
programming resolution even for y < 1. (b) Achievable ENOB versus M for
different programming tolerances A, highlighting that the finite programming
precision imposes ENOB < N{; (assuming A,/3 > 1). In all panels, red
squares mark the HW constraints and programming conditions adopted in the
experimental demonstration of Section IV.

for (int h=0; h<M;
read zj, 4 [h];

tot _ tot .
zi,5 0 = Zi,j  *tzi,5lhl;

h++) {

Set Zi;
i

I!! tot _ 2
|Z(; = Zil < Ap?

na =ng+1 .

na < ng'

Fig. 5. Sketch of the proposed programming algorithm for PCM cells with

accumulation phase at each verify step. The P&V sequence is executed by

increasing an iterations counter n, which is kept under an upper threshold
MAX

ng

current pulse, is executed. As a result of the accumulation

performed during the verify phase, the target value 2}"; can
vary within the range [O; E%AX], where
AAX = max () = 2N — 1. (11)
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Fig. 6. Micrograph of the employed AiMC core. A testing unit and a
microcontroller are integrated in the same macro.

The precision of the programming outcome is quantified
through the ENOBs [27], which can be empirically evaluated

as
sMAX

Zij
ENOB =log, | —
g

€p

12)

where o, is the standard deviation of the programming error

£p. Assuming g, to be a Gaussian distribution delimited by

+A,, its standard deviation o, can be approximated as o, =~

A, /3; moreover, recalling (11), (12) can be estimated as
’ AP

ENOB = N/; — log, (?) . (13)

Equation (13) shows that N’ represents an upper-bound of
the achievable ENOB, which is lowered by the intrinsic finite
programming precision. Indeed, to guarantee the convergence
of the programming algorithm (i.e., the number of program-
ming attempts 7, being under a maximum threshold nM4X), the
tolerance A, should be sufficiently large; thus, it is reasonable
to assume (A,)/3 > 1, which yields to ENOB < N(;. This
effect is shown in Fig. 4(b), which reports ENOB as a function
of M considering different values for A,, assuming y = 1/128.
As a conclusion, the accumulation factor M must be properly
chosen in relation to both the architecture’s requirements and
programming constraints.

In both plots, the red squares indicate the HW constraints
and programming conditions that will be shown in Section
IV-C to demonstrate the proposed technique.

It should also be noted that the introduction of accumulation
in the verify step increases both the time and the power
required to program a cell. However, such overheads are
generally acceptable in inference-oriented DNN accelerators,
where synaptic weights are programmed during an offline
provisioning phase and remain fixed during operation, as
commonly assumed in AiIMC architectures [32], [33], [34],
[35]. A more detailed analysis of this matter, supported by
experimental data related to the employed test vehicle [16], is
presented in Section IV-C.

IV. EXPERIMENTAL RESULTS

The test vehicle utilized is a Ge-rich GST PCM-based
AIMC macro fabricated in a STMicroelectronics 28-nm
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FD-SOI process, featuring a 4M-cell array (see Fig. 6) [16].
The AiMC macro executes a 512 x 512 signed MVM by
leveraging 512 integrated ADCs to digitize the BL charge,
which is biased at V5 = 0.1 V, into an 11-bit sign-magnitude
format. The input data x; are encoded in an 8-bit sign-
magnitude format. The signed MVM weights w; ; are stored
in two cells (as detailed in [16]), whose conductance differ-

ence gives the absolute value of weights. Accordingly, N
and ENOB are referred in the following to the programmed
signed weights. Based on the electrical characteristics of the
integrated ePCM array cells and of the ADCs, the prototype
exhibits a y =~ 1/128.

A. Programming Circuitry

The programming circuits integrated in the testchip are
shown in Fig. 7(a) [36]. The scheme allows a current pulse
to be applied to a single cell during the programming phase.
This pulse is generated starting from a current reference IRgp,
which is appropriately mirrored to Ip. The latter is fed into
an additional programmable mirroring stage (a 6-bit current
DAC, configured by CONF[5...0]), whose control is handled
by the digital logic of the testchip. The resulting current
Ipac is first delivered to the cell through a high-voltage
(Vprog > Vpp) mirroring stage, and flows along the dedicated
programming path (enabled with PROGR = 1) and the column
decoding selector. The read path is used during the verify
phase (as well as during MVM computation, as mentioned
in the introduction), and is enabled by setting CMP = 1. The
column decoder as well is split in two paths to handle both
standard and high-voltage operations.

Fig. 7(b) schematically illustrates the dynamics of the main
signals involved in the programming procedure. After an initial
configuration phase of duration fcpg, the system enables the
programming path (PROGR = 1) and, by suitably modulating
the DAC at the system clock frequency, generates the shape
(discretized into 64 possible levels) of the desired pulse Ipyrsk,
resulting in a duration fpy sg. Subsequently, to verify the actual
state of the cell, the read path is enabled (CMP = 1) and, after
properly biasing the BL at Vg, the WL corresponding to the
cell is enabled for a time freap, and the result z; ; is computed
by the ADC. The whole verify step ty consists in M successive
readouts, in accordance with the accumulation factor, so that
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lines refer to the current test vehicle, whereas squared dots correspond to the programming setup of Section IV-C.

ty = Mtrgap. The accumulation is performed concurrently by
the microcontroller. It should be noted that the configuration
phase fcpg is considerably longer than the remaining steps.
All the P&V steps are repeated in relation to the n, attempts
required to properly program the cell (see Fig. 5).

As a result, the time demanded to program a single cell can
be estimated as

IPROG = IcFG + Mg [tpULsE + MIREAD] (14)
and the corresponding energy as
EproG = Ecrc + 14 [EpuLse + MERgap + (M — 1) Ex] (15)

where all terms are referred to previous operations, and Ex
is the energy contribution of the single accumulation (out of
M — 1) performed by the microcontroller to implement the
proposed programming procedure.

B. PCM Cells Variability Characterization

Before validating the accumulation method, the variability
of charge samples z;; was first characterized as stated in
Section III-B. To this purpose, a set of 1600 cells was
programmed to different intermediate conductance states by
applying random current pulses with no verify step. Then,
each cell was read 1200 times through the ADC to monitor

its read noise amplitude sz f (see Fig. 8(a), where the y-axis
represents the ADC output for each sample z; j[A]). Fig. 8(b)
shows the distribution of the collected zf f over the 1600 cells,
demonstrating that their value is invariably above the ADC
quantization step, so that it allows for the precision increase
brought by N;.

C. PCM Cells Programming

To assess the previous method, a set of ~36000 weights
was programmed with the algorithm detailed in Section III-C.
A first programming outcome was implemented measuring
z;,; with no accumulation (M 1) through the ADCs.
Fig. 9(a) reports a contour map of the measured programmed
190 x 190-weights matrix, whose normalized distribution
is reported in (b) as a function of the programmed weight.
Results show that 8 signed, nonzero levels are programmed
within the matrix. This is in accordance with (5), since,
because of the value of v, the expected effective number of
bit is Nz = Negr = 3.

The same set of weights was then programmed with accu-
mulation M 5. This leads, [from (8)], to an estimated
Nl 5.3. As reported by the experimental results in
Fig. 10(a) and (b), this case allows for the programming of
80 weights (half negative and half positive), which confirms

~
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Fig. 12. (a) Log-scale histogram of the programming error &,, along with the corresponding rms values, for different accumulation factors. (b) Illustration of
the experimental protocol used to evaluate the accuracy of the MVM over time, with measurements taken immediately after programming (7y), after 24 h (7),
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the previous estimation of N/ ;. An accumulation factor M =
2400 was then tested, so that the expected effective number
of bits can be increased to Nl 14.2. The programming
outcome is reported in Fig. 10(c) and (d), where more than
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Fig. 14. Evolution in time of (a) mean value and (b) relative variability o,
of the weights employed for MVM accuracy evaluation.

18 000 different signed weights were successfully programmed
among the PCM cells array.

As additional analysis of previous results, Fig. 11(a) sum-
marizes the theoretical N; [see (8)] as a function of the
accumulation factor M (dashed line), considering the param-
eters constrained by the employed test vehicle. The estimated
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TABLE 1
COMPARATIVE TABLE OF THE MOST RECENT MULTILEVEL PROGRAMMING ALGORITHMS OF PCM CELLS FOR AIMC
Reference Technology Programming Programming Programming approach ENOB
type sequence

[24] (2018) 90 nm Current-driven Partial-SET pulse Statistical n.a.
[28] (2021) 14 nm Current-driven n.a. P&V” 5
[20] (2022) 14 nm Current-driven SET-staircase P&V™ 5.5
[43] (2022) 40 nm Current-driven n.a. n.a. 8
[29] (2023) 14 nm Current-driven RESET-staircase Gradient Descent P&V~ n.a.
[13] (2023) 14 nm Current-driven SET-staircase P&V” 4
[26] (2023) 40 nm Current-driven Hybrid P&V™ 4
[27] (2024) 90 nm Voltage-driven Weak SET-staircase P&V" 6
[25] (2025) 40 nm Current-driven Width SET-staircase P&V™ 4

EE3
This work 28 nm Current-driven SET-staircase P& V*with accumulation 132***

* P&V refers to Program-and-Verify.
** Obtained in programming uniform random weights.
*** Obtained in programming a real-world DNN application weights.

[~
Al [ B

Projection ]
[} ]

Attention

K Q vV
w W w Feed-forward network
| Input prompt }J Output

Fig. 15. Typical structure of a transformer-based LLM architecture. Layers
WK, W€, and WV are implemented as MVMs, so that they can be performed
on AiMC cores.

Normalization

and measured ENOB are also reported as continuous lines and
dots, respectively. The former is calculated with (13), whereas
the latter is obtained with (12).

The proposed programming procedure implies program-
ming time and energy overheads (with respect to a conven-
tional readout, i.e., with M = 1), which are proportional
to the accumulation coefficient M [see (14) and (15)], i.e.,
to the targeted programming ENOB. Such overheads can be
quantified with respect to conventional programming (M = 1)
as

ng (M — 1) IReaD

Al% =1+
IcrG + g (tpULSE + IREAD)

(16)

and
ng (M — 1) (Ergap + Ex)

AEq =1+
Ecrg + nq (EpuLse + EReaD)

a7)

where M can be rewritten as a function of ENOB, i.e.,

M= ﬂzENOB—N )

3y
The numerical values of Atq, and AEq, specialized to current
test vehicle, are plotted in Fig. 11(b) and (c) as a function
of the targeted ENOB. The squared dots refer to the three
programming setups employed in Section IV-C, underlying

(18)

that a 6x-gain in ENOB (M = 2400) can be achieved with
barely 6.1% and 3.5% time and energy overheads, respectively.

V. MVM ACCURACY

In the context of PCM-based AiMC, the accuracy of the
MVM on-chip computation z = W - x can be defined as

O,
a; = 1001 - ZM—AS(

where zMAX corresponds to the maximum ideal MVM and o,
is standard deviation of the MVM error g,. The latter can be
defined with respect to the ideal MVM z'¢ as

19)

&, = |z - Zid| . (20)

The MVM error g, is primarily affected by three types of
weights errors [27]: 1) a drop in time of the average values of
the stored coefficients induced by cells conductance drift [37];
2) a cell-to-cell variability ascribable to programming error
and to the randomness of the conductance drift; and 3) the
weight quantization error [19].

To evaluate the influence of the proposed programming
algorithm on a,, a 380 x 380 random coeflicients matrix
W was defined along with a set of Ny = 10000 inputs x,
resulting in Ny ideal MVMs z%. Three sets of cells g;; were
then programmed to each w;; € W using M =1, M = 5 and
M = 2400, respectively. The measured programming error &,
[see (10)], normalized to Q%AX (11), is shown as a log-scale
histogram in Fig. 12(a) for different accumulation factors. As
expected and proven by the error rms values (defined as ||g,|l2)
reported in the same plot, g, is reduced with increased M.

The MVMs were then performed in time, as in the scheme
in Fig. 12(b), at room temperature immediately after cell
programming (7y) and after 24 h (7)); in addition, two
3-h, high-temperature annealings (followed by two room-
temperature readouts 7, and 73) were included to accelerate
the effects of PCM cell drift [38], [39]. MVM results are
depicted in Fig. 12(c) and (d), where each plot reports the
on-chip MVM z as a function of the corresponding ideal value
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Fig. 17. Schematic representation of the DNN implemented on the PCM
AiIMC prototype.

7'¢; different colors refer to cells programmed with previous
values of accumulation factor M.

Fig. 12(c) shows the MVM evolution in time under the
effect of conductance drift, which implies a drop of the average
MVM output and increased spread of the results (and thus of
the MVM error g,). As known [27], the standard deviation of
&, can be estimated accordingly as

ey

Op =0 0'§+0'a,+0'§

where the single standard deviation contributions descend
from the single errors previously mentioned. Specifically, o,
refers to the drift-induced average drop in MVM output, o,
quantifies weights variability, and o, results from weights
quantization. It should be noted that o, is proportional to
the size of the MVM (i.e., the number n of weights per BL).

Since the close-to-analog programming achieves arbitrary
programming precision [as in (13)], the quantization error
scales proportionally to M, and equivalently its standard
deviation o,. This is due to the weights variability ascribed
to the programming error &, being reduced with increased M,
as pointed out in Fig. 12(a). This is experimentally proven by
evaluating the MVM accuracy right after programming (7)), as
reported in the inset in Fig. 13(a). The MVM accuracy heavily
drops in Ty, T, and T3 due to the predominant contribution
of o4 on the MVM error standard deviation o, and no
significant accuracy increase is achieved varying M to program
the MVM weights [see Fig. 13(a)].

A. Combined Effect With HW Drift Compensation

In the measurements of Fig. 12(d), MVM outputs are
partially recovered from cells conductance drop through a ref-
erence cell conductance tracking (RCCT) [16], [30] strategy.
Thus, o, becomes negligible; this yields to

T, < \JOL+ 0.

In this case, the reduction of o, and o, introduced by M
becomes more evident and therefore contributes to a signif-
icant overall improvement in the MVM accuracy. Indeed, as
reported in Fig. 13(b), an increased M effectively achieves an
improved MVM precision over time and temperature thanks
to the reduction of both ¢, and o;. In particular, @, increases
with respect to M = 1 by 2.5% and 5% in T, and T3 with
M =5, and by 4.8% and 9.7% with M = 2400.

Previous results are supported by an analysis of the weight
distribution in time. To this purpose, all weights have been
normalized to their programmed value (in Tj), then, each
weight was measured in Tj, 7>, and 73 to monitor its
time evolution in terms of mean value and variability o,
previously mentioned. Fig. 14(a) and (b) reports indeed the
normalized average value and variability of the programmed
weights, considering previous values for the accumulation
factor M. It should be noted that, while the programming
condition does not affect the mean value of the weights,
on the contrary, their variability is sensibly reduced with
increased M, so that higher MVM accuracy is achieved
as well.

(22)

VI. CASE STUDIES

Two representative LLM and DNN workloads mapped onto
the PCM-based AiMC macro are used to evaluate the pro-
posed programming methodology. The selected case studies
illustrate practical programming scenarios, highlighting the
achievable precision improvements and the conditions under
which the proposed accumulation-based programming scheme
yields significant advantages. Since the computation in the
verify phase is performed through the ADC, the target weights
are represented by integer numbers. However, the weights
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(c) Target weights after rescaling. (d) Resulting measured weights distribution after programming using an accumulation factor M = 2400. (e) Normalized

programming error.

can still represent matrices in other formats by applying an
appropriate rescaling of the result during the computation
phase.

A. Programming LLM Weights in AiMC Cores

In transformer-based architectures, projection layers are
implemented through MVMs and are therefore well suited for
execution on AiMC cores [40] (see Fig. 15). The proposed
close-to-analog programming approach is evaluated using an
8-bit quantized weight matrix extracted from a smolLM2-
135M projection layer [41], whose high-kurtosis distribution
makes accurate mapping onto PCM-based AiMC cores partic-
ularly challenging.

The size of the matrix representing the weights of the
layer is 380 x 512, involving 512 BLs of the PCM array.
The 8-bit quantized weights matrix distribution is shown in
Fig. 16(a). As discussed in Section IV-C, the maximum
programming resolution achievable in the AiIMC macro with
standard programming (M = 1) is 3 bits. Achieving an
effective 8-bit resolution when mapping the weight values
onto the PCM conductances requires an accumulation factor
of M = 16, as derived from (8) assuming y = 1/128.
These two programming configurations (M = 1 and M =
16) are therefore considered to compare their programming
performance. The weight matrix was programmed into the
array conductances using both accumulation factors in order
to evaluate the resulting precision and error characteris-
tics. The resulting measured weight distributions are shown
in Fig. 16(b). The higher accumulation factor effectively
increases the resolution of the weight representation, allow-
ing a more precise representation of the weight values,
thereby reducing quantization-induced accuracy degradation.
The normalized programming error for both programming
outcomes is reported in Fig. 16(c). The results demonstrate
a clear reduction of the programming error with the accu-
mulation factor M = 16, achieving an ENOB = 7.56 which
approaches the 8-bits precision required to represent the
LLM coeflicients.

The improved precision is obtained at the cost of an
increased number of verify iterations, highlighting a trade-off
between programming time and achievable ENOB. However,
this trade-off only affects the initial programming phase, which
is performed once prior to inference, and does not introduce
additional overhead during inference execution.

B. Programming DNN Weights in AiMC Tiles Using
Rescaling Factors

As a second validation scenario, the proposed programming
scheme is evaluated in the context of a conventional DNN
deployment that requires per-BL rescaling to maximize the
MVM output dynamic range [12], [13]. This case study
highlights a practical condition in which the number of distinct
conductance levels to be programmed significantly exceeds the
native ADC resolution of the AiMC macro.

The DNN illustrated in Fig. 17, intended for MNIST image
classification, was programmed and executed on the testchip
implementing the MVMs of the two layers on the AiMC core
(shown in Fig. 6 [16]), while the non-linear operations are
performed by the microcontroller. The pixels of the MNIST
input images were cropped to 19 x 20 and encoded in a 7-bit
gray scale format. The first layer of the network comprises 380
neurons and employs the ReLU activation function, while the
second layer comprises ten neurons and a softmax-operation.
The size of the matrix representing the weights of the first and
the second layers are 380 x 380 and 380 x 10, respectively,
involving 380 and 10 BLs of the PCM array.

The DNN was initially trained in FP and then quantized in
8-bits signed precision for the coefficients, without employing
any specific HW-aware training techniques [42]. To maximize
the corresponding MVM output range, a rescaling factor
was computed for each column (i.e., BL). The two resulting
rescaled MVM matrices were programmed into the array.
Since each BL requires a specific rescaling factor [as shown
in Fig. 18(b)], the target weights increase from 127 [see
Fig. 18(a)] (i.e., reduced to 7-bit due to the clipping) to 1901
[see Fig. 18(c)], which require ENOB =~ 11 for accurate
representation.

The DNN was subsequently deployed within the AiMC core
by programming the cells using the near-analog programming
algorithm with an accumulation factor M = 2400, resulting in
the target weight distribution shown in Fig. 18(c). The mea-
sured weight conductances are presented in Fig. 18(d), with
the corresponding normalized programming error shown in
Fig. 18(e). The programming procedure achieved a measured
ENOB of 10.5, which closely approaches the 11 bits required
to accurately represent the DNN coefficients.

VII. CONCLUSION

In this work, a programming technique for PCM cells in
AIMC systems employing an iterative accumulation strategy
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during the verify phase has been introduced. This method
achieves quasi-analog programming precision at the cost of
increased time and energy required in the programming phase,
which, however, are not a significant constraint due to infre-
quent weight updates.

Experimental results are obtained on a STMicroelectron-
ics 28-nm FD-SOI PCM AiMC macro [16]. The enhanced
programming accuracy translates into improved MVM preci-
sion and robustness against conductance drift when combined
with drift compensation techniques such as Reference Cell
Conductance Tracking (RCCT), even considering two 3-h
annealing at 120 ° C. Furthermore, the proposed approach is
effective for both DNN and LLM models’ weight mapping,
thereby broadening the applicability of PCM-based AiMC
architectures in edge-Al scenarios.

Table I presents a comparison of state-of-the-art techniques
for programming PCM, evaluated using the ENOBs as the
target metric. This work achieves an ENOB of 14.2 in random
uniform weights programming and of 10.5 in a real-world
DNN application, thus advancing the state-of-the-art in PCM
cell programming.

APPENDIX
DERIVATION OF (5)

Considering Qrsg as the electrical charge which corre-
sponds to the LSB of the ADC, one can write

(23)

The number of bits required to represent the maximum elec-
trical charge Q%AX associated with the single PCM cell in the
verify step is given by

o
oMt = =L 24)
OLs (
Consequently, by defining y as in (6) one obtains
2Nt = 42N (25)
which proves (5).
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