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citation and DOL neck. However, deploying transformer models on AIMC remains challenging due to their inher-
® ent need for flexibility and adaptability across diverse tasks. For the benefits of AIMC to be fully
realized, weights of static vector-matrix multiplications must be mapped and programmed to ana-

log devices in a weight-stationary manner. This poses two challenges for adapting a base network
to hardware and downstream tasks: (i) conventional analog hardware-aware (AHWA) training
requires retraining the entire model, and (ii) reprogramming analog devices is both time- and
energy-intensive. To address these issues, we propose AHWA low-rank adaptation (AHWA-LoRA)
training, a novel approach for efficiently adapting transformers to AIMC hardware. AHWA-LoRA
training keeps the analog weights fixed as meta-weights and introduces lightweight external LoRA
modules for both hardware and task adaptation. We validate AHWA-LoRA training on SQuAD
v1.1 and the GLUE benchmark, demonstrate its scalability to larger models, and show its effective-
ness in instruction tuning and reinforcement learning. We further evaluate a practical deployment
scenario that balances AIMC tile latency with digital LoRA processing using optimized pipeline
strategies, with RISC-V-based programmable multi-core accelerators. This hybrid architecture
achieves efficient transformer inference with only a 4% per-layer overhead compared to a fully
AIMC implementation.

Deep learning has revolutionized various fields, from computer vision to Natural Language Processing
(NLP), achieving unprecedented performance in the solution of complex tasks [1]. Much of this pro-
gress stems from scaling up neural network (NN) architectures and datasets, enabling models to cap-
ture more information and approximate complex functions that can be generalized to unseen samples.
Among these advancements, the transformer architecture stands out as the backbone of large-language
models (LLMs), allowing more effective network scaling and data compression [2]. However, as NNs
grow in size and complexity, they demand more computational resources, leading to higher power con-
sumption and carbon emissions [3]. This raises sustainability concerns and drives research into more
energy-efficient architectures tailored to NN computation.

Analog in-memory computing (AIMC) has emerged as a promising computing paradigm to tackle
these challenges, offering improved performance and energy-efficiency through computation directly
within the memory array [4, 5]. However, distinct properties of AIMC, namely device noise and cir-
cuit non-idealities, introduce additional complexity to NN training and deployment [6]. Analog devices
are inherently non-deterministic and subject to temporal variations, impacting NN accuracy when
deployed on AIMC-based accelerators [7-10]. Analog hardware-aware (AHWA) training techniques have
been demonstrated to enhance model robustness under these constraints for various NN architectures,
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effectively mitigating accuracy losses by injecting Gaussian noise during forward-propagation and simu-
lating circuit-non-idealities [11-13]. However, transformer-based architectures introduce several unique

challenges that make the direct application of AHWA training techniques difficult. We summarize these

limitations below, which motivate the development of a novel approach to efficiently adapt transformers
for AIMC hardware.

First, training large-scale networks with a high parameter count quickly becomes computationally
challenging. Transformers, in particular, require significantly more parameters than traditional architec-
tures like convolutional NNs and long short-term memory that have been the primary focus of AIMC
research. While the larger size of transformers contributes to their strong performance across many tasks,
it also makes AHWA training challenging. Training such large models with simulated hardware con-
straints using existing AHWA approaches often exceeds graphics processor unit (GPU) memory limits
and results in prohibitive computational costs.

Second, while pre-trained transformer models generalize remarkably well across a wide range of nat-
ural language processing tasks due to extensive training on large and diverse corpora [14], conventional
AHWA training methodologies typically optimize performance for only one task at a time [12]. Such
narrowly-focused, task-specific tuning under-utilizes the generalization potential of pre-trained models,
resulting in hardware-optimized models that perform well on one task but struggle to generalize to oth-
ers. While aggregating multiple tasks into a single unified corpus and conducting AHWA training on
it might seem like a remedy, it often leads to degraded performance, as conflicting task objectives can
interfere with the model’s learned representations.

Another critical limitation is that existing AHWA methods are not designed for continual
adaptation—a necessity for many real-world applications. In dynamic environments, transformers must
adapt to new data and shifting user needs. However, current AHWA approaches achieve adaptation
by reloading and retraining the full model weights on AIMC hardware—a process that is both time-
consuming and energy-intensive, making frequent updates impractical [15].

Finally, real-world AIMC-based accelerators suffer from various device noise and circuit non-
idealities. Industry-fabricated phase change memory (PCM) devices, for example, display state-dependent
programming and read noise, as well as drift in conductance states over time [7—10]. While AHWA
training has proven adept at addressing these hardware imperfections, a more advanced training meth-
odology should preserve this strength while addressing the aforementioned limitations.

Hence, we introduce AHWA low-rank adaptation(AHWA-LoRA) training—a method that lever-
ages the principles of LoRA [16] to address the challenges faced by AIMC systems [17]. As shown in
figure 1, AHWA-LoRA training preserves the original, pre-trained weights of the transformer model,

i.e. the meta-weights. These meta-weights are obtained through extensive pretraining and possess strong
generalization capabilities. In conventional AHWA training, these meta-weights are overwritten during
task-specific fine-tuning. We argue that these meta-weights should be preserved and instead introduce
lightweight LoRA adapters to alter the effective weight values for different tasks. For task-specific retrain-
ing, this approach drastically reduces the memory overhead of AHWA training. During inference, the
inclusion of LoRA modules equips AIMC with on-chip adaptation ability, allowing models to dynam-
ically respond to hardware constraints and evolving task demands. This flexibility is difficult to achieve
using conventional methods.

The complete AHWA-LoRA training pipeline consists of three main steps. First, pre-trained trans-
former weights are directly mapped onto AIMC hardware (meta weight deployment). Second, hard-
ware constraints are applied to the meta-weights, but only the LoRA weights are updated (AHWA-LoRA
training). Third, the trained LoRA weights are deployed onto Digital Processing Units (DPUs), allow-
ing them to operate in parallel with analog computation on the meta-weights (LoRA weight deploy-
ment). A detailed description of these steps is provided in the Methods. We investigate the accuracy of
our method using a realistic heterogeneous AIMC-based hardware configuration and statistical PCM
device model calibrated on hardware measurements from a chip containing one million PCM devices.

Simulation results confirm that our method is effective on a 25.3 M-parameter transformer model,
a practical size suitable for deployment on currently available AIMC chips [18, 19]. We demonstrate
the scalability of our method to larger encoder-only transformer architectures of up to approximately
300 million parameters, including BERT-Base and BERT-Large, which may be supported by future AIMC
chips. Results indicate our method constrains the size of the LoRA components at just 1% of the total
model parameters. Furthermore, we extend our method to even larger decoder-only transformers, suc-
cessfully applying it to the LLaMA 3.1 8B model for tasks in instruction tuning and mathematical
reasoning, through supervised learning and reinforcement learning, respectively. Finally, we explore
an optimized implementation that integrates AIMC computation with digital LoRA adaptation using
RISC-V-based programmable multi-core accelerators (PMCAs) as DPUs. By strategically partitioning the
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Figure 1. Implementation of AHWA-LoRA training to the multi-head attention block in the standard transformer architecture.
(a) Within each transformer block, the weights of linear (dense) layers with fixed weights (W € R™*") are mapped to AIMC tiles.
The LoRA weight matrices A € R”*" and B € R™*" can be trained to adapt the effective weights for different downstream tasks
without altering the meta-weights W € R™*". (b) The high-level proposed architecture, where each AIMC tile is paired with a
PMCA. The latency of AIMC tiles and PMCAs is balanced. Computation of XAB is performed within the PMCA, alongside the
required addition operation. (c) Conventional AHWA training and deployment methods require retraining of the meta-weights
of the pre-trained model. (d) AHWA-LoRA training preserves the meta-weights from the pre-trained model and deploys them
directly to the AIMC hardware. Only the LoRA weight matrices are trained and executed by the DPUs.

workload, i.e. assigning the meta-weights to AIMC tiles and mapping LoRA layers onto digital PMCA
units, our design offers a practical and efficient framework for serving transformer models onto these

AIMC chips [20].
1. Methods

1.1. AHWA-LoRA training

The complete AHWA-LoRA training pipeline consisted of three main steps. During the first step,

the meta weights of the model were directly deployed to AIMC hardware without any training. The
hardware-specific parameters, such as weight clipping thresholds and the bit resolutions of AIMC
peripherals (e.g. analog-to-digital converters (ADCs) and digital-to- analog converters (DACs)), were
determined and used to simulate hardware constraints in the subsequent training process. In the second
step, hardware constraints were simulated by incorporating them into the forward pass of the meta
weights. Gradients propagated back through these simulated constraints, but learning happened in LoRA
and only the LoRA weights were updated. This structure allowed the meta-weights to ‘sense’ the hard-
ware limitations, while LoRA learned to compensate for them. Importantly, the model was trained using
data from the downstream task, ensuring that it was optimized for the target application. This enabled
joint optimization for both hardware compatibility and task performance via the introduced LoRA com-
ponent. The loss function remained unchanged from standard AHWA training; no modification was
needed to incentivize this behavior. Finally, the trained LoRA weights were deployed onto DPUs. These
LoRA weights, though high in precision, were relatively small in number, making it feasible to parallelize
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their computation with the analog computation performed on the fixed meta-weights residing in AIMC
tiles.

In AHWA-LoRA training, the meta-weights, which are the pretrained base-model weights, are pro-
grammed onto AIMC hardware once and then kept fixed during adaptation. This choice improves
long-term reusability: the same analog-programmed base model can be reused across multiple down-
stream tasks by swapping lightweight LoRA adapters, avoiding costly and frequent array reprogramming.
Moreover, by not updating analog-mapped weights, AHWA-LoRA training avoids error accumulation
commonly associated with repeated programming or on-chip learning. Temporal non-idealities after
deployment (e.g. conductance drift) are mitigated via global drift compensation; when necessary, LoRA
adapters can be refreshed off-chip and redeployed without reprogramming the AIMC arrays.

1.2. Model mapping to hardware and assumed hardware configuration

Our approach mapped all linear layers of MobileBERT (comprising 20.4 M parameters, ~81% of the
total parameters) onto AIMC tiles. This included the embedding transformation layer, the final output
layer, and the linear layers within both feed-forward network (FFN) and the QKV projection of multi-
head attention. The AIMC tiles had 512 x 512 unit cells, and 8-bit DACs and ADCs. A digital affine
scaling operation was applied after the ADCs. Due to the dynamic nature of matrix-matrix operations,
the computation of attention scores was handled by PMCAs, as non-volatile memory-based AIMC com-
putation was not well-suited for such operations. Additionally, PMCAs managed the LoRA adapters
and integrated their outputs with those from the AIMC tiles. To accurately model the behavior and
constraints of AIMC hardware, we used AIHWKIT, an open-source simulator for AIMC devices [21].
ATHWEKIT offered detailed models of PCM devices based on extensive experimental data and accurately
modeled the peripheral circuitry. A differential channel-wise weight mapping scheme was applied to

all analog weights with maximum conductance G,y = 25 1S, and each channel was clipped to 3-sigma
based on the fitted weight distribution.

1.3. Training and inference details
During forward propagations, we injected hardware constraints on the model, including Gaussian noise
[18] with an amplitude of 6.7% on analog weights and 4.0% on ADCs, among other hardware con-
straints. The 6.7% weight-noise level is not an immutable physical constant of PCM devices; rather,
it is an effective noise amplitude used in our simulator to approximate the dominant stochastic beha-
vior of the AIHWKIT PCM analog tile model [21], which is calibrated to measured device statistics and
includes multiple non-idealities and parameters. For training efficiency, we summarize these effects using
a zero-mean Gaussian perturbation model as a first-order approximation. Importantly, this amplitude is
a tunable hyperparameter in our framework; we provide an ablation over noise amplitudes in the sup-
plementary information (table II), and select 6.7% as a strong accuracy—cost trade-off under our training
budget.

Noise is ‘injected” on-the-fly during each forward pass by forming a temporary noisy instance of
the fixed meta-weights. Concretely, we maintain clean master meta-weights W throughout training,
and for each minibatch we sample an i.i.d. perturbation and compute W= W+ AW, where AW fol-
lows a zero-mean Gaussian distribution with relative amplitude set by the chosen noise level (e.g. 6.7%).
The noisy weights W are used only for the current forward/backward computation and are discarded
afterwards, ensuring that noise is uncorrelated across minibatches and that the expected noisy weights
remain unbiased around W. In AHWA-LoRA training, gradients flow through the noisy forward path,
but only the LoRA parameters are updated, while the meta-weights remain fixed. The Adam optimizer
was used with an initial learning rate of 2 x 10~%, following a linear decay schedule over 15 epochs. The
maximum sequence length (SL) was set to 320. For inference, we evaluated accuracy and robustness
under realistic hardware constraints, including programming noise, conductance drift, and read noise
for a period ranging from 0 s to 10 years. All results were averaged over 10 trials. We used global drift
compensation [22] to mitigate temporal variations. We evaluated the impact of different rank values r
on performance and computational overhead, determining that a rank of 8 provided an optimal balance
(see figure 2(a)).

1.4. Instruction tuning and reinforcement learning

For instruction tuning, we utilized a carefully curated version of the Alpaca dataset [23], which enhanced
data quality and consistency. Our experiments were conducted using the LLaMA-3.1 8B model, incor-
porating a LoRA rank of 16. This corresponded to approximately 0.52% of the model’s total paramet-
ers. The model mapping strategy was consistent with the method used in MobileBERT. All linear lay-

ers were mapped to AIMC tiles and attention was managed by PMCAs. During forward propagation,
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hardware constraints were emulated by injecting Gaussian noise with an amplitude of 6.7% by adding

it to the meta weights, alongside additional hardware-induced limitations. Explicit modeling of ADC

and DAC components was omitted, assuming these components operated at high resolution. Unlike the
approach taken in MobileBERT experiments, we did not apply weight clipping, following recent insights
from weight quantization research in LLMs [24, 25]. Training was executed with the AdamW optimizer,
using an initial learning rate of 2 x 10™%, a linear decay schedule over 6470 steps, and a brief warm-up
period of 5 steps. The batch size and weight decay were set to 8 and 0.01, respectively. The maximum SL
was limited to 2,048 tokens.

In the reinforcement learning setup, we leveraged the GSM8K dataset to foster the model’s reason-
ing abilities, particularly encouraging the effective use of long chain-of-thought (CoT). We employed
the group relative policy optimization (GRPO) algorithm [26] for training, with the instruction-tuned
Llama-3.1 8B model again featuring a LoRA rank of 16. Consistent with our earlier instruction-tuning
approach, we applied the same model mapping strategy and refrained from applying weight clipping.
However, the amplitude of Gaussian noise injected during RL training was reduced to 3.0%. We emphas-
ize that this reduction does not imply that the underlying PCM noise is physically reduced; rather, it
is a practical training choice for stable and compute-efficient reinforcement learning. In GRPO, the
update relies on relative quality differences among multiple sampled completions for the same prompt
to form effective advantage estimates. With 6.7% noise, the initial policy frequently produces uniformly
low-quality (near-random) generations, yielding near-zero or non-informative reward differences within
a sampling group and substantially weakening the learning signal. Using 3.0% preserves a meaningful
gradient signal early in training while still operating in a noisy analog regime. A straightforward way
to enable higher-noise RL is a curriculum strategy (e.g. supervised adaptation at the target noise level
before any reinforcement learning), which we leave for future work. Modeling of ADC and DAC com-
ponents was reserved for future investigation. The maximum SL during RL training was 1024 tokens.
Our RL approach incorporated four complementary reward functions to incentivize correct reasoning
patterns and precise mathematical answers, allowing a maximum achievable reward of 9.5. For each
GSMS8K question, we generated 16 sample outputs, which were grouped and utilized for advantage cal-
culations by GRPO [26]. RL training consisted of 500 optimization steps, including a 50-step warm-up
phase, with a learning rate set at 5 x 107 and a comparatively higher weight decay of 0.1.

To efficiently handle memory overhead during training, we adopted the aihwkit-lightning framework
[27]. Its low memory footprint, combined with LoRA, allowed us to perform all training and eval-
uations on a single GPU with 80 GB of memory. During inference, we evaluated model robustness
against Gaussian noise applied to weights, following methodologies established in prior studies [22,

28]. The Gaussian noise levels during evaluation were set to match those used during training: 6.7%
for instruction tuning and 3.0% for reinforcement learning. Additional evaluation results for a wider
range of noise levels, as well as results using the PCM model with zero-second drift, were provided in
the Supplementary Information.

1.5. PMCA performance estimation simulations

We adopted a small version of the Snitch cluster [29], a RISC-V-based PMCA optimized for energy-
efficient floating-point (FP) computation. It consisted of nine in-order RV32IMAF Snitch cores,

each featuring a 32-bit SIMD-capable, mixed-precision FP unit (FPU). Two key ISA extensions, FP
Repetition [29] and Stream Semantic Registers [30] enhanced execution efficiency by automating FP
loops and reducing memory overheads, enabling pseudo-dual-issue performance and achieving up

to ~90% FPU utilization on dense workloads. The cluster architecture included a shared L1 instruc-
tion cache and a 128KiB interleaved tightly coupled data memory (TCDM) connected via a single-
cycle interconnect. One of the cores managed the direct memory access unit [31], while the remain-
ing eight executed parallel computations. We integrated the RedMulE [32] accelerator to the cluster, an
open-source, parametrizable accelerator optimized for reduced-precision matrix-vector multiplications
(MVMs) using FP16 and FP8. We configured RedMulE to have 32 fused-multiply-accumulate blocks to
minimize the final area of the cluster. We performed cycle-accurate register-transfer level simulations to
obtain the performance metrics on the PMCA.

2. Results

2.1. Accuracy validation
We first validate the accuracy of the proposed method and compare it to conventional AHWA train-
ing [22]. Table 1 presents the performance validation of AHWA-LoRA training applied to MobileBERT
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Table 1. Comparison of AHWA training and AHWA-LoRA training. The dataset used is SQuAD v1.1 and the model is MobileBERT.

Score after conductance drift

Training method Metric Baseline  0Os 1h 1d 1w Im ly 10y

AHWA training F1 90.01 89.47 89.07 88.66 88.19 87.73 86.59 85.14
EM 82.60 8242 81.75 81.28 80.60 79.94 7841 76.40

AHWA-LoRA training F1 89.17 89.06 88.71 88.36 87.97 87.49 86.51 85.36
EM 82.06 81.93 81.41 80.94 80.39 79.77 78.41 7692

on the SQuAD vl.1 dataset under different drift durations. MobileBERT was chosen due to its relat-
ively small size, making it practical for deployment on current AIMC chips [18, 19]. We will validate
the effectiveness of our method on larger models in later sections. Evaluation metrics used in the exper-
iments include the F1 score and exact match (EM). The baseline results in the table represent the per-
formance of the digital model without hardware constraints during training or inference.

The results demonstrate that AHWA-LoRA training achieves performance comparable to conven-
tional AHWA training, with F1 and EM scores within 1% of those obtained through full AHWA train-
ing. Notably, at a drift time of 10 years, our approach outperforms the previous AHWA training method,
achieving an F1 score of 85.36 versus 85.14, and an EM score of 76.92 versus 76.40. We attribute this
improvement to the difference in update mechanisms: standard AHWA training updates all model para-
meters, which may cause the model to deviate significantly from the local minima reached during pre-
training. In contrast, AHWA-LoRA training updates only the low-rank components, helping the model
stay closer to the flatter local minimum found during pretraining, which improves robustness under sig-
nificant drift.

It is also worth noting that AHWA-LoRA training updates only the LoRA weights, which make up
approximately 6.6% of the model parameters. Despite this small proportion of trainable parameters, the
model demonstrates strong robustness to hardware constraints, as indicated by F1 and EM scores that
are on par with conventional AHWA training. This suggests that adapting a model to hardware con-
straints may not require the adaption of all parameters. Instead, hardware adaptation could be inher-
ently a low-rank problem, where LoRA-style updates are sufficient. Since hardware adaptation is a crit-
ical challenge in AIMC, these findings offer new insights and indicate that full model retraining may not
always be necessary.

2.2. Training performance evaluation

Table 2 benchmarks the number of trainable parameters and GPU memory usage during training.

The results show that AHWA-LoRA training reduces the number of trainable parameters to approx-
imately one million, which is more than a 15x reduction compared to conventional AHWA training.
Additionally, GPU memory usage is reduced by 13%, saving over 4 GB of VRAM, making training more
accessible. Although MobileBERT only has 24.67 M trainable parameters, the memory usage during
AHWA training is significantly higher than during standard digital training due to the high overhead

of modeling hardware constraints in both the forward and backward passes. This suggests that memory
overhead is a key bottleneck in scaling AIMC to larger transformer models. LoRA offers a promising
solution to reduce both trainable parameters and memory requirements. Moreover, optimizing the train-
ing framework can further improve training efficiency. For instance, recent work using Triton to reduce
memory usage and accelerate AHWA training presents another promising direction [33].

We further break down the effects of LoRA placement and rank. Applying LoRA only to the FEN
achieves lower parameter counts and memory usage than full AHWA-LoRA training, while restricting
adaptation to the QKV projections reduces parameters even further (0.22 M) with the lowest memory
footprint (28.02 GB). For varying LoRA ranks (r = 1,2,4,8,16), the number of parameters scales nearly
linearly with r, whereas GPU memory usage remains largely unchanged.

2.3. Multi-task inference evaluation
We also evaluate our method on multi-task inference. Conventional AHWA methods require at least N
AIMC chips to handle N tasks. In contrast, our proposed AHWA-LoRA training method employs an
elegant strategy wherein a single analog model is mapped to one AIMC chip with multiple sets of LoRA
weights, each adapted to a specific task.

We report the results on the 8 tasks from the GLUE benchmark in table 3. These tasks were achieved
using a single analog model mapped to AIMC tiles, with 8 sets of LoORA parameters computed on DPUs,
each containing 1.6 M parameters, one for each task. To support all 8 tasks, a total of 8 x 1.6M LoRA
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Table 2. Comparison on trainable parameters and GPU memory usage across different training methods. The model used is
MobileBERT and the dataset is SQuAD v1.1. Experiments are conducted on an NVIDIA H100 80GB GPU with a batch size of 32.

Method Trainable parameters (M) GPU Memory usage (GB)
AHWA 24.67 37.72
AHWA-LoRA 1.63 32.92
AHWA-LoRA (FEN) 1.40 31.88
AHWA-LoRA (QKV) 0.22 28.02
AHWA-LoRA (r=1) 0.20 32.90
AHWA-LoRA (r =2) 0.41 32.90
AHWA-LoRA (r = 4) 0.82 32.91
AHWA-LoRA (r = 8) 1.63 32.92
AHWA-LoRA (r = 16) 3.27 32.94

Table 3. AHWA-LoRA training on the GLUE benchmark for MobileBERT.

Score after conductance drift

GLUE Task Score 0s 1h 1d 1w Im ly 10y
SST-2 92.8 91.2 90.9 90.8 90.6 90.6 90.4 90.0
MNLI-m/mm 83.3/82.6 82.8/83.3 82.6/83.0 82.4/82.7 82.1/82.6 82.0/82.4 81.7/82.0 81.2/82.6
MRPC 88.8 87.6 87.5 87.5 87.2 87.3 87.1 86.4
QNLI 90.6 90.9 90.9 90.8 90.6 90.3 90.0 89.5
QQP 70.2 86.9 87.0 86.9 86.7 86.6 86.4 86.2
RTE 66.2 52.9 534 54.3 55.4 54.2 53.3 53.4
STS-B 84.4 87.5 87.3 87.0 86.9 86.7 86.2 85.6
CoLA 50.5 46.0 44.6 42.7 40.6 39.8 39.1 37.3
GLUE 78.8 78.8 78.6 78.3 78.1 77.8 77.4 76.9

parameters are required, in addition to the 20.4 M mappable parameters on AIMC tiles and 4.9M
unmappable parameters on DPUs, resulting in a total of 38.1 M parameters. In contrast, a conventional
AHWA training approach [22] would require developing and programming 8 separate models into the
hardware, requiring at least (8 x 20.4 +4.9) M parameters. Our method, therefore, achieves a more than
4-fold reduction in the number of parameters. Furthermore, our approach demonstrates robustness to
the inherent constraints of AIMC hardware, with most tasks showing minimal performance degradation
over time due to drift.

AHWA-LoRA training also offers significant advantages, including on-chip task switching and on-
chip adaptation to user data. For example, when AIMC hardware is initially configured for the SST-2
task, it can be easily switched to the MNLI task by simply updating the 1.6 M LoRA weights from SST-2
to MNLI, without needing to reload AIMC weights. Additionally, the LoRA weights allow for on-chip
adaptation; when new user-generated data becomes available, the LoRA weights can be updated accord-
ingly, while the pre-trained model on the AIMC tiles remains unchanged.

2.4. Optimal allocation of LORA parameters

Optimizing the allocation of LoRA parameters is crucial for balancing model performance and resource
efficiency. This challenge represents a typical resource allocation problem [34]. While several methods
exist for optimizing LoRA allocation [35, 36], our study evaluates two predefined strategies for the sake
of simplicity and consistency, avoiding the use of adaptive LoRA allocation techniques.

As shown in figure 2(a), increasing the LoRA rank generally improves the F1 score across all drift
durations, though the gains eventually plateau. For instance, raising the LoRA rank from 1 to 2 results
in an F1 score increase of approximately 2.2 for a 10year drift. However, increasing the rank from 8
to 16 yields only a marginal improvement of 1.0. Since a higher rank introduces greater computational
overhead, this diminishing return suggests that selecting an appropriate rank can effectively balance
accuracy gains with efficiency. Specifically, we find that a rank of 8 represents an optimal sweet spot
for practical AIMC constraints: it provides sufficient capacity to compensate for analog noise and drift
(accuracy constraint) while remaining lightweight enough to fit within the memory and latency budget
of the digital accelerators (hardware constraint).

Figure 2(b) investigates the impact of different LoRA allocation strategies on model accuracy over
varying drift times. The results indicate that applying LoRA to all linear layers reaches an initial accuracy
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Figure 2. Resource optimization study for MobileBERT and SQuADv1.1 at different drift times. (a) Pareto front of the F1 score
and total LoRA adapter memory for different rank values. A rank of 8 — highlighted using a vertical dashed line—provides a good
tradeoff between these quantities. (b) The total number of LORA parameters when adapters are applied to different layers of the
multi-head attention block.

of 89.06 (at 0s), then shows a gradual performance decrease over time, reaching 85.36 after 10 years.
This strategy has the highest LoRA parameter count (1.6 M). In contrast, restricting LoRA to only the
QKYV linear layers or FFN layers reduces the parameter count to 0.2M and 1.4 M, respectively, but results
in consistently lower F1 scores across all drift times. These findings suggest that applying LoRA to all
linear layers is essential for maintaining competitive F1 scores.

2.5. Dynamic adaptation

In conventional approaches, once a model is deployed, its weights remain fixed, limiting adaptability to
evolving hardware conditions. Our proposed AHWA-LoRA training enables dynamic adaptation, which
is crucial for real-world applications. For instance, as shown in figure 3(a), reducing the ADC/DAC
precision from 8-bit to 6-bit results in a significant 25% F1 score drop after a 10year drift period.

Our approach addresses this issue by updating only the LoRA weights. This on-chip adaptation effect-
ively mitigates performance degradation, improving the F1 score from 60.81 to 74.23 after ten years.
Additionally, our method can adapt to other environmental variations, such as noise pattern shifts due
to temperature fluctuations or changes in ADC reference current, by leveraging LoRA modules for tar-
geted adjustments.

2.6. Scalability studies

As illustrated in figure 3(b), our method scales effectively to both BERT-Base (108 M parameters, with
1.3M LoRA weights) and BERT-Large (334 M parameters, with 3.5M LoRA weights), optimizing these
models for AIMC hardware by training only the LoRA components. The results demonstrate that larger
models not only achieve higher F1 scores but also exhibit increased robustness against hardware-induced
degradation. For instance, a 10 year hardware drift leads to a performance drop of nearly 4 points in
general; however, BERT-Base experiences only a 0.63-point reduction, while BERT-Large sees just a 0.48-
point drop. This indicates that larger models are more resilient to AIMC hardware limitations, highlight-
ing AIMC’s potential to support transformer-based models at scale.

Furthermore, BERT-Large is approximately 12x larger than MobileBERT, yet the LoRA parameter
count increases by only about 2x, and a LoRA rank of 8 remains sufficient. This highlights that our
proposed method scales efficiently with minimal overhead. Encouraged by these results on encoder-
based transformers, we next explore the application of our approach to decoder-only transformers, such
as large language model (LLMs).

2.7. Instruction tuning and reinforcement learning on LLMs

While previous sections have focused on encoder-only transformers, primarily due to their practical size
for current LoRA hardware, we additionally demonstrate the broader applicability of our AHWA-LoRA
training approach to decoder-only LLMs. Specifically, we investigate the LLaMA-3.1 model, containing
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Large.

Table 4. Zero-shot accuracy (%) of LlaMA 3.1 8B across nine benchmarks under three settings: (1) baseline digital model, (2) analog
model before AHWA-LoRA training, and (3) analog model after AHWA-LoRA training. The analog model shows substantial accuracy
degradation compared to the digital baseline. Applying AHWA-LoRA training substantially narrows this gap, yielding consistent
improvements across all tasks. Additional results in the supplementary information show that evaluation at lower noise levels can
further boost accuracy, bringing it closer to the digital baseline.

Model variant HellaSwag BoolQ PIQA WinoGrande ARC-c ARC-e SciQ COPA OpenBookQA
Baseline: LlaMA 3.1 8B 78.91 82.11 81.23 73.88 53.41 81.10 94.60 87.00 44.80
(Digital)

Analog LlaMA 3.1 8B 29.48 48.35 50.44 51.78 25.34  29.42 42.10 55.00 26.20
(Pre-AHWA-LoRA)

Analog LlaMA 3.1 8B 67.71 69.36 69.64 55.80 35.67 54.71 80.10 71.00 33.60

(Post-AHWA-LoRA)

8 billion parameters, with a LoRA rank of 16, comprising approximately 0.52% of the model’s total para-
meters. Detailed experimental configurations are provided in the Methods.

We first evaluate our approach in the context of instruction tuning using the Alpaca dataset, as
shown in table 4. The baseline digital Llama 3.1 8B achieves strong zero-shot accuracy across diverse
benchmarks, whereas the analog counterpart prior to AHWA-LoRA training suffers severe degradation,
with performance drops exceeding 40% on several tasks. This substantial loss is primarily attributed
to analog hardware noise, which affects reasoning and knowledge-retrieval capabilities in decoder-only
LLMs. Notably, applying our AHWA-LoRA training consistently restores a large portion of the lost per-
formance, yielding absolute improvements of up to 38.23 percentage points (e.g. on HellaSwag) com-
pared to the pre-tuning analog model. These results highlight that our method enables the model to
recover general-purpose instruction-following abilities, demonstrating robust cross-task generalization
without requiring full-precision retraining.

We extend our evaluation to reinforcement learning using the GSM8K dataset, aiming to enhance the
model’s reasoning capability through a long CoT, as shown in table 5. The digital baseline benefits from
LoRA fine-tuning, improving accuracy from 67.63% to 85.06%. In the analog setting, the unadapted
model starts at a much lower accuracy of 37.98%, reflecting its difficulty in conducting reasoning under
hardware noise. After applying our AHWA-LoRA training, the analog model reaches 70.74% accuracy,
representing a remarkable 32.76 percentage point gain and narrowing the gap to the digital post-LoRA
model by over half. These results show the versatility of AHWA-LoRA training, extending its benefits
beyond supervised instruction tuning to reinforcement learning, and demonstrating its ability to optim-
ize models for complex, reasoning-intensive tasks.
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Table 5. GSMS8K evaluation accuracy (%) with chain-of-thought (CoT) reasoning. The LLM is trained using reinforcement learning to
produce outputs in the following format: <start_working_out> reasoning steps <end_working_out> <SOLUTION>> final
answer </SOLUTION>. We compare the digital baseline (LLaMA 3.1 8B) and its analog counterpart, both before and after
reinforcement learning via LoRA training. In the digital case, LoRA training improves performance from 67.63% to 85.06%. For the
analog model, AHWA-LoRA training boosts accuracy from 37.98% to 70.74%, reducing the analog—digital performance gap from
nearly 30% to about 15%. Additional results in the Supplementary Information show that, under reduced evaluation noise, this gap can
shrink to 2.5%.

Digital (LlaMA 3.1 8B) Analog (LlaMA 3.1 8B)
Benchmark Pre-LoRA  Post-LoORA  Pre-AHWA-LoRA  Post-AHWA-LoRA

GSM8K 67.63 85.06 37.98 70.74

2.8. Latency analysis of hardware components and network layers

We analyze the performance optimization of the proposed hybrid implementation, which utilizes AIMC
tiles and PMCAs, with a focus on balancing their latencies. If the latency of the PMCAs is well balanced
with that of the AIMC tiles, an efficient AIMC-PMCA pipeline parallelism can be implemented, lead-
ing to minimal performance loss due to the additional computations introduced by the LoRA mod-
ules. Then, we can enjoy the high accuracy on long drift time, efficient multi-task processing ability, and
dynamic adaptation ability with minimal latency cost. We examine this balance by analyzing our archi-
tecture across different layer sizes of MobileBERT, with the rank of LoRA matrices fixed at 8. We con-
sider AIMC tile integration times of 128, 256, and 512 ns, based on values reported in the literature for
AIMC-based accelerators [18]. Since processing one token at a time using a PMCA does not fully exploit
the parallelization capabilities of the cluster, we evaluate scenarios where multiple tokens are processed
in parallel. Specifically, once the required static XW (i.e. activationxweight) MVMs on AIMC tiles are
executed for ¢ tokens and transferred to the PMCA, the PMCA then performs the required XAB MVM
LoRA computations and element-wise addition operations. We consider ¢ values of 8, 16, 32, 64, and
128.

The first step in our evaluation consists of analyzing and comparing the performance of AIMC tiles
and PMCAs when generating different numbers of parallel tokens, t. Figure 4(a) shows the latency of
AIMC tiles and PMCAs for different layer sizes, AIMC tile integration times, and ¢ values. The results
show that for a larger weight matrix size (512 x 128) and longer integration times (256 ns and 512 ns),
the latencies of PMCA and AIMC are well-balanced. For the same matrix size with a shorter integra-
tion time of 128 ns, PMCA latency becomes the bottleneck. In the case of smaller weight matrix size
(128 x 128) and longer integration times (256 ns and 512 ns), AIMC latency dominates, whereas for
shorter integration time (128 ns) PMCA and AIMC latencies are balanced. For a smaller weight mat-
rix size (128 x 128), an optimal balance between PMCA and AIMC computation latencies is achieved
when processing 128, 8, and 8 parallel numbers of tokens ¢ for integration times of 128, 256, and 512 ns,
respectively. This corresponds to PMCA-to-AIMC latency ratios of approximately 1.04, 0.63, and 0.32,
respectively. For the larger matrix size (512 x 128), the optimal balance is achieved for 128, 128, and
8 parallel tokens, corresponding to PMCA-to-AIMC ratios of approximately 2.57, 1.29, and 0.7 for the
above respective integration times.

Increasing the number of parallel tokens can enhance computational balance, but it also affects
memory requirements. Figure 4(b) shows the memory requirements to store the inputs and low-rank
weight updates in the PMCAs as a function of the number of parallel tokens t. We observed that the
required PMCA memory varies significantly depending on the number of parallel tokens. For smaller
weight matrices, the memory requirement ranges from 8.2KiB to 21KiB, while for larger matrices, it
increases to between 70KiB to 172KiB. Considering the PMCAs in our architecture have a TCDM size
of 128KiB, performing MVMs with large weight matrices and many parallel tokens requires either a lar-
ger TCDM or additional TCDM-SRAM communication.

To further assess the impact of the proposed methodology, we evaluate the total MVM latency for
processing a SL of 320 tokens. Figure 4(c) shows the total latency for different MobileBERT layers
across different AIMC tile integration times. It compares the performance of the proposed AHWA LoRA
approach against a baseline AIMC system without LoRA integration. We implement the AIMC-PMCA
pipeline while accounting for data transfer latency between AIMC and PMCA. As shown in figure 4(c),
the layer size, AIMC integration time, and the parallel number of tokens, all impact the performance
overhead introduced by the additional LoRA matrices. However, regardless of the integration time, when
AIMC and PMCA latencies are well balanced, the additional latency from the LoRA matrices remains
minimal. For large weight matrices (512 x 128), the latency overhead from adopting AHWA LoRA
remains limited to 2.72%, 1.39x, and 1.05x for integration times of 128, 256, and 512 ns, respectively.
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Figure 4. Performance analysis and latency balancing of the proposed architecture with AIMC tiles and coupled PMCAs. (a) The
latency of two different MobileBERT layers with varying AIMC tile integration times and (b) PMCA’s TCDM requirement as

a function of the number of parallel tokens. (c) The total latency for all the different layers of MobileBERT with an optimized
AIMC-PMCA pipeline balancing the latency of the AIMC tiles and PMCAs. The latency without any LoRA adapters (AIMC) is
also reported.

Notably, in the best scenario, our method incurs only a 4% latency overhead compared to the AIMC
baseline. This evaluation highlights that balancing AIMC and PMCA latencies minimizes the overall layer
latency and keeps AHWA LoRA’s performance cost low.

This evaluation highlights the importance of balancing the AIMC and PMCA latencies. When the
AIMC latency to perform the static MVMs aligns closely with the PMCA latency, the overall latency for
each layer is minimized and the performance cost associated with the additional LoRA matrices is kept
minimal.

3. Discussion

When deploying NNs on AIMC hardware, accuracy is often degraded due to hardware constraints. To
mitigate this, researchers have introduced AHWA training, which adapts models to specific hardware
characteristics. However, the trained models become tightly bound to the specific hardware settings and
the dataset used during training, leading to over-specification. This limits both their flexibility and gen-
eralization ability.

One of the core motivations for using transformer models is their strong generalization capacity—an
advantage that is in direct conflict with the rigid nature of conventional AIMC deployment. Our pro-
posed AHWA-LoRA training method addresses this by retaining the meta-weights and introducing min-
imal overhead through LoRA. This design significantly improves generalization performance while main-
taining accuracy comparable to conventional AHWA training methods. Furthermore, it enables addi-
tional capabilities for AIMC, such as multi-task inference and continual adaptability using a shared set of
analog weights.

Importantly, our results provide concrete evidence that AHWA-LoRA training scales efficiently
across model sizes and architectures. For encoder-only transformers, we evaluate MobileBERT (25 M),
BERT-Base (108 M), and BERT-Large (334 M), and observe that larger models exhibit smaller perform-
ance degradation under long-horizon drift (e.g. under 10-year simulated drift, MobileBERT drops by
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~4 points, while BERT-Base and BERT-Large degrade substantially less; see table 1). For decoder-only
LLMs, we apply AHWA-LoRA training to LLaMA 3.1 8B for instruction tuning and reinforcement learn-
ing, where LoRA accounts for only 0.52% of parameters, demonstrating that the adaptation overhead
remains low even at billion-parameter scale. A plausible intuitive explanation is that larger models may
possess stronger and more redundant representations, making them inherently more robust to perturb-
ations and reducing the burden on the LoRA adapters to compensate hardware noise. Together, these
experiments highlight that the same AHWA-LoRA training mechanism transfers cleanly across architec-
tures (encoder/decoder), diverse task families (SQuAD/GLUE), model sizes (million-scale model/billion-
scale model), and training paradigms (finetuning/RL).

The primary cost of our method lies in serving the LoRA components, whose overhead is propor-
tional to their rank. Interestingly, we find that a rank of 8 is sufficient for most scenarios. This rank sup-
ports both learning a specific task and adapting to hardware variations—indicating that the noise inher-
ent in analog hardware with limited dynamic range can be effectively and efficiently compensated for.
These positive results are expected to encourage broader adoption of analog hardware, allowing more
users to benefit from its high speed and ultra-low power consumption.

Additionally, we found that the proposed architecture is well-suited for hardware implementations
that parallelize AIMC tiles and PMCA for efficient execution. Our evaluation demonstrates that when
the AIMC latency is well balanced with the PMCA latency, the latency overhead introduced by LoRA is
minimal. In summary, our approach offers substantial improvements in the versatility and usability of
AIMC, with only a modest latency cost.

For future improvements, insights from LoRA and NN training can be adapted to the AIMC context
with suitable modifications [37, 38]. While this study builds on existing LoRA methods, it also contrib-
utes back to that domain by demonstrating that LoRA can be used to compensate for noisy weights-a
scenario that was not considered in early LoRA studies, which focused on full-precision [17] or low-
precision weights [24], but not statistical (noisy) weights.

ADC plays a crucial role in bridging the analog and digital domains, but its limited precision can
impact overall system performance. Enhancing ADC optimization to develop models resilient to lower
bit-widths can accelerate inference or improve accuracy at fixed bit settings. Advances in transformer
activation quantization are particularly relevant here [39], as they help mitigate the adverse effects of
quantization noise. Notably, recent work by Biichel et al [28] demonstrates that knowledge distillation
can be used to overcome the precision limitations of ADC, highlighting a promising direction for future
research. Our proposed method is inherently compatible with such quantization and distillation tech-
niques, making it well-suited for integration with these advances. Future work will incorporate these
methods to enhance both performance and robustness in our AIMC system design.

Our initial results on instruction tuning and reinforcement learning provide promising insights into
the broader applicability of the proposed methods and their scalability to LLMs. We emphasize that the
low-memory footprint of the proposed AHWA-LoRA training is even more critical for LLMs than for
MobileBERT, as it enables training LLMs with AIMC constraints on a single GPU, making the pro-
cess much more accessible to a wider range of researchers. Other benefits of AHWA-LoRA training
also extend naturally to LLMs, including multi-task support through LoRA reloading or multi-LoRA
serving, as well as dynamic adaptation to user-specific data. A key challenge in this direction is to fur-
ther improve the robustness of LLM training under hardware constraints. Our qualitative results in the
Supplementary Information show that models can still generate coherent and meaningful outputs despite
these hardware constraints. On the other hand, our quantitative results indicate that evaluation accuracy
begins to degrade at a noise level of 4.0% for instruction tuning and 2.0% for reinforcement learning. A
similar inflection point of 2—-4% was also reported by Buchel et al [28]. This indicates that there remains
significant room for optimization in model training. Advancements in AIMC hardware would also con-
tribute to this goal by enabling operation at lower noise levels.

Our results on GSM8K are closely related to the idea of noisy networks in reinforcement learning,
which demonstrates that introducing controlled noise into NNs can significantly enhance exploration
capabilities and improve performance across both on-policy and off-policy methods. Similarly, the injec-
tion of noise in our method may encourage exploration. From this perspective, the inherent noise within
AIMC is not a limitation to be overcome, but rather a beneficial feature that drives more effective learn-
ing. How to maximize this potential benefit can be an interesting future work.

The proposed method in this paper may also be connected to the idea of mortal computations
[40, 41], which involves using analog hardware to perform NN operations. In such systems, the
algorithm is inherently tied to the analog substrate, meaning the computation is mortal—it dies
with the analog hardware. While this tight integration enables high-speed and energy-efficient pro-
cessing, it also presents challenges in training effectiveness, knowledge sharing, and scalability, as
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identified in a previous study [41]. Our method introduces minimal digital parameters (i.e. LoRA
weights) to augment the analog weights components. This approach addresses learning limitations
without requiring precise knowledge of the analog weights” exact values; instead, it only relies on their
statistical noise profiles, making the mortal system learnable. The LoRA modules effectively compensate
for the noise in the mortal system, enabling robust functionality. As a result, the architecture achieves an
elegant balance: analog weights remain fast and large in number, while the digital weights, though less-
efficient and slower, are kept minimal. When adaptation is needed, only the minimal digital weights are
updated. This update process is simpler and more efficient than modifying all analog weights.
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