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Abstract

Analog in-memory computing (AIMC) offers
substantial efficiency gains for transformer in-
ference but introduces hardware-induced noise
that can distort attention behavior. Prior stud-
ies primarily focus on AIMC evaluations for
vision tasks and CNN-based models. They
largely overlook how hardware-induced noise
perturbs internal attention dynamics in NLP
models. In this work, we present the first
fine-grained analysis of analog vulnerability
in pretrained transformers, examining projec-
tion submodules, attention heads, and layer-
wise dynamics across multiple NLP tasks. Re-
sults show that query (Q), key (K), and value
(V) projections are the most sensitive compo-
nents, while feed-forward layers remain com-
paratively robust. Also, analog noise yields
depth-dependent degradation in higher layers,
leading to scattered attention and disrupted to-
ken routing. This pre-deployment analysis mit-
igates potential resource misuse before physi-
cal deployment and offers practical guidance
for designing noise-resilient analog NLP trans-
formers.

1 Introduction

Natural language processing (NLP) research has
increasingly explored efficiency-oriented deploy-
ment methods for transformer models, including
quantization (Jin et al., 2024), low-precision infer-
ence (Zadeh et al., 2020), and pruning (Ilhan et al.,
2024), with a primary focus on preserving task ac-
curacy under reduced digital precision. However,
as model sizes continue to increase, the compu-
tational and energy demands of transformer infer-
ence have grown substantially. This growth has
created strong interest in analog in-memory com-
puting (AIMC) as a more energy-efficient alter-
native to traditional digital accelerators. Recent
work in vision (Lambertini et al., 2025) and speech
demonstrates that AIMC hardware can significantly
improve energy efficiency and latency (Zadeh et al.,

2020). However, state of the art (SOTA) AIMC
simulators (Lammie et al., 2022; Xiao et al., 2022;
Chen et al., 2018) primarily support CNN-based
models and do not fully support transformer archi-
tectures, with AIHWKIT (Rasch et al., 2021) being
a notable exception. Thus, the impact of AIMC
hardware on language models remains unclear. Un-
like vision or speech models, NLP systems rely
on precise attention patterns and deep contextual
reasoning, which may respond very differently to
analog noise.

A central challenge is that analog hardware in-
troduces multiple sources of non-idealities such as
quantization limits, device drift, read noise, and
stochastic cell behavior, which can perturb internal
representations (Brooks et al., 2020). Deploying
transformer models directly onto analog hardware
without prior robustness analysis risks severe or
unpredictable performance degradation (Ke et al.,
2025; Latibari et al., 2024). At the same time, ac-
cess to large-scale analog hardware platforms is
extremely limited. Consequently, practitioners lack
guidance on which transformer models, internal
components, and attention mechanisms are most
vulnerable when mapped to analog accelerators.

To address this gap, we conduct a systematic
pre-deployment robustness study of transformer
models using AIHWKIT (Rasch et al., 2021), a
hardware-aware simulator calibrated to PCM-style
analog devices. Simulation is not a replacement
for real hardware; rather, it enables controlled and
repeatable experiments across hardware fidelity set-
tings that are impractical or impossible on phys-
ical devices due to cost, throughput, and limited
availability. Therefore, our goal is not to repli-
cate exact chip behavior, but to provide actionable
design insights for researchers and hardware prac-
titioners. Overall, our analysis is guided by two
research questions: RQ1: Benchmarking Analog
Inference Robustness: How does analog hard-
ware noise affect end-to-end performance across
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transformer architectures and NLP tasks?

RQ2: Mechanistic Vulnerability: Which inter-
nal components-submodules, layers, and attention
heads—are most sensitive to analog perturbations,
and how does analog noise reshape attention be-
havior?

By combining task-level evaluation with
submodule-level isolation and attention-pattern
analysis, our work provides a comprehensive view
of where, how, and why analog noise disrupts
transformer reasoning in NLP. Our findings of-
fer a practical pre-deployment roadmap for AIMC
researchers and hardware designers. Also, it en-
ables more robust analog transformer designs be-
fore committing to expensive fabrication or device-
level experimentation. Related work on NLP and
AIMC hardware is provided in Appendix A.4.

2 Analog Inference Framework

Models and Datasets. We study five represen-
tative transformer families: BERT-base (Devlin
et al., 2019), DistilBERT (Sanh et al., 2019), AL-
BERT (Lan et al., 2019), RoBERTa-base (Liu et al.,
2019), and DeBERTa-large (He et al., 2020) across
three standard NLP tasks: Sentiment Classifica-
tion (SST-2 (Socher et al., 2013)), Natural Lan-
guage Inference (MNLI (Williams et al., 2018)),
and Question Answering (SQuAD v1.1 (Rajpurkar
et al., 2016)). To extend to decoder LLMs, we
evaluate Phi-3-mini and LLaMA-3.2-1B (8-bit) on
ARC-Easy (Clark et al., 2018) (dataset details in
Appendix A.6).

Analog Hardware Simulation. We simulate ana-
log transformer inference using AIHWKIT, IBM’s
open-source hardware-aware emulator calibrated
to PCM and ReRAM devices. Analog inference
proceeds by first loading pretrained transformer
models and NLP datasets in the digital domain.
Later, we transform all linear layers within each
transformer block into analog-compatible opera-
tors (e.g., AnalogLinear). During execution,
digital input activations are quantized and con-
verted to analog signals via digital to analog con-
verters (DACs), then applied to analog crossbar
arrays where weights are mapped as conductance
values (see Appendix A.3 for details on mapping
transformer weights onto analog crossbar arrays).
The crossbars perform noisy analog matrix-vector
multiplications (MVMs) in parallel, incorporating
device-level non-idealities such as programming
noise, read noise, drift, and finite ADC/DAC res-

olution as modeled by AIHWKIT. Partial analog
currents are integrated and digitized through ADCs,
summed across crossbar tiles when needed, and
passed to subsequent digital components. This pro-
cess repeats layer by layer, allowing us to observe
how analog noise introduced during MVM propa-
gates through attention and feed-forward blocks to
influence the final model output. An overview of
the analog transformer inference pipeline is illus-
trated in Figure 1.

Since AIHWKIT does not expose explicit cell-
level precision, we simulate analog hardware fi-
delity by jointly controlling multiple sources of
non-idealities that arise during analog computation.
Analog MVM is modeled as

Yy = Qapc((W + AW) - Qpac(x) + €out), (1)

where x denotes the digital input vector, W the

programmed conductance matrix, AW device-
level perturbations, Qpac(-) and Qapc(-) finite-
resolution digital-to-analog and analog-to-digital
quantization, and €., output noise.

We introduce analog non-idealities through five
coupled mechanisms: finite ADC/DAC resolution,
stochastic weight-modifier noise during program-
ming, read noise during inference, output noise af-
ter accumulation, and PCM-specific programming,
read, and drift noise modeled via a calibrated noise
process. Bias terms are retained in digital form, and
learnable output scaling is enabled to stabilize ana-
log activations. Lastly, global drift compensation is
used to mitigate long-term conductance drift. All
experiments are conducted under a fixed noise con-
figuration to reflect realistic operating conditions
without entering overly optimistic or catastrophic
regimes. Models are evaluated in inference-only
mode without fine-tuning. To concretely illustrate
the analog transformation, consider a standard self-
attention projection in a transformer layer. In the
digital model, the query projection is computed as

Q=XWgq +bg, 2)

where X € R7*? denotes token embeddings,
Wq € R¥*4 the learned projection matrix, and
b the bias term.
Under analog execution, W, is mapped to a
conductance matrix stored in the crossbar array,
and the projection is computed as

Q** = Qapc((Wq + AW(Q) - Qpac(X) +€) +bg, )

where AW g captures device-level noise and drift,
and € aggregates read and output noise. The same
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Figure 1: End-to-end workflow of analog transformer inference using AIHWKIT. Pretrained NLP models are
mapped to analog crossbar arrays, where linear layers execute noisy analog MVMs with device non-idealities.

transformation is used independently to key, value,
attention output, and feed-forward layers. We dis-
cuss the practical challenges of transformer layer
conversion in Appendix A.1.

Submodule-Level Noise Isolation. We perform
targeted submodule sensitivity analysis to specify
which internal components are most sensitive to
analog noise. For each experiment, the full digital
model is first converted to analog execution using
the medium-noise configuration. Subsequently, all
analog linear layers except a selected target sub-
module are replaced with ideal (noise-free) ana-
log equivalents that preserve pretrained weights.
This selective replacement ensures that only the tar-
get submodule experiences analog non-idealities,
while all other components behave identically to
their digital counterparts. We evaluate noise sensi-
tivity for query, key, and value projection layers, the
attention output projection, and the FFN interme-
diate and output layers. Performance degradation
relative to the fully digital baseline directly reflects
the contribution of each submodule to overall ana-
log robustness.

Attention Head and Layer Vulnerability. We
analyze how analog noise alters attention behav-
ior itself beyond submodule-level effects. For each
attention head, we compare digital and analog atten-
tion distributions over input tokens. Distributional
deviation is quantified using the Kullback—Leibler
(KL) divergence (Hershey and Olsen, 2007)
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where A48 and A*"® represent normalized atten-

tion weights produced by the digital and analog

models. To characterize qualitative changes in at-
tention structure, we compute the entropy shift

AH = H(A™) — H(AYE), H(A) = - A;log A;. 5)

Negative A H indicates attention focusing, while
positive AH corresponds to attention scattering.
Aggregating entropy shifts and divergence scores
across heads and layers reveals depth-dependent
vulnerability patterns and identifies which semantic
stages of transformer reasoning are most disrupted
by analog noise.

Experiment Setup: Analog mapping parameters
include tile size = 256, column-wise scaling, and
fixed weight clipping with bound 1.0. The noise
configuration uses a weight modifier standard devi-
ation of 0.05, read noise of 0.0175, output noise of
0.04, and PCM programming, read, and drift noise
scaling factors set to 1.0 with global drift compen-
sation. Results are averaged over three independent
runs (random seeds =0, 1, 2). All simulations are
conducted using AIHWKIT (v0.9.2) under a con-
sistent inference-only setting. More details are in
Appendix A.2.

3 Results

RQ1: Benchmarking Analog Inference Robust-
ness. Table 1 reports end-to-end digital versus
analog inference performance across MNLI, SST-
2, and SQuAD under a fixed analog noise configu-
ration. Across all tasks and models, analog infer-
ence presents a measurable but non-catastrophic
performance degradation. Accuracy and F1 drops
remain within 1-3 points for most encoder-based
models, suggesting that pretrained transformers re-
tain substantial functional robustness under realis-
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Task  Model Digital Analog Drop A

Noise modifier_std out_noise Phi-3 A LLaMA-3.2-1B A

DistilBERT 80 5/0.991001 7940.4/098100, —1.0/—0.01

Mnpg  BERT 84403/0924 001 83105/0.94 100 —1.0/+0.02
ROBERTa  87(3/0.851001 85106/0-881002 —2.0/+0.03
DeBERTa 91 3/0.48 100> 89106/ 1401005 —2.0/+0.92
BERT 93102/0.2441001 92403/02541001 —1.0/+0.01

SST-2  ALBERT  934(3/0.214100; 90105/0261 000 —3.0/+0.05
ROBERTa 94 5/0.22 001 92404/023 1001 —2.0/+0.01
BERT 89, 03/87104 88405/85106 —1.0/—20

SQUAD RoBERTa  9510,/93103 89406/87405 —6.0/—6.0
DeBERTa  95103/92404 92104/%90105 —3.0/—20

Table 1: Digital vs. analog inference performance
across NLP tasks. MNLI and SST-2 report Acc/Loss;
SQuAD reports FI/EM. A denotes performance drop
(-) or loss increase (+) under analog inference.

tic analog noise. However, task difficulty strongly
modulates analog sensitivity. Based on Table 1
results, classification tasks, such as MNLI and
SST-2, exhibit limited degradation. BERT and Dis-
tilBERT show approximately one-point accuracy
drop, while ROBERTa and ALBERT experience
slightly larger drops. In contrast, SQuAD exhibits
noticeably higher sensitivity. Both RoBERTa and
DeBERTa incur 3-6 point reductions in both F1
and exact match. This gap reflects the reliance of
question answering on precise token-level align-
ment and sharp attention distributions. These re-
sults demonstrate that analog noise does not uni-
formly affect all NLP tasks. Instead, its impact
grows with the need for fine-grained contextual rea-
soning. Overall, the global analysis establishes that
analog transformer inference is feasible for NLP. It
also reveals systematic task- and model-dependent
robustness differences that encourage deeper inves-
tigation into submodules and attention levels in the
following sections.

Extension to Decoder-Style LLMs. Additional
experiments are conducted on decoder-style LLMs,
specifically Phi-3-mini and LLaMA-3.2-1B (8-bit),
using AIHWKIT. Zero-shot performance is eval-
uated on the ARC-Easy benchmark under three
analog noise regimes (low, medium, high). Perfor-
mance degradation scales consistently with noise
intensity, with modest drops of approximately 2—
3% under medium noise and larger degradation
under high noise (up to ~7%). These trends are
consistent with the encoder-based results reported
in Table 1, indicating that analog robustness charac-
teristics generalize across model families. Despite
architectural discrepancies, the qualitative behavior
remains stable: increasing analog noise primarily
affects reasoning accuracy in a smooth, predictable

Low (0.5x) 0.025 0.02 —13 —1.4
Medium (1X) 0.05 0.04 —2.6 —2.6
High (2x) 0.10 0.08 —=7.1 —6.4

Table 2: Analog noise sensitivity for decoder-style
LLMs on ARC-Easy (zero-shot). Performance degra-
dation (A) is reported across three noise regimes.

manner, without catastrophic failure. All experi-
ments use identical preprocessing, sequence length
(2048), and no noise-aware retraining, guarantee-
ing a consistent comparison across noise regimes.

RQ2: Mechanistic Vulnerability. We find that
analog noise impacts transformer submodules in
a highly non-uniform manner. Across all tasks
and architectures, Q, K, and V projection layers
are the most vulnerable, causing the largest perfor-
mance drops when isolated under analog execution
(see Figure 2). The vulnerability of Q, K and V
projections is consistent across architectures but
differs in magnitude due to architectural design
choices. In contrast, feed-forward network (FFN)
layers show comparatively higher robustness, with
smaller degradation across SST-2 and MNLI, indi-
cating that FFNs can partially absorb analog pertur-
bations. Interestingly, models with heavier reliance
on disentangled or reweighted attention representa-
tions, such as DeBERTa, show disproportionately
larger degradation when these projections are per-
turbed, even under moderate analog noise. This
indicates that analog perturbations introduced at
the attention formation stage distort token—token
relevance scores in a way that downstream layers
cannot fully correct. In contrast, FFN layers op-
erate on already aggregated contextual representa-
tions and therefore experience a reduced impact of
noise, specifically for sentence-level classification
tasks. Attention output projections exhibit inter-
mediate robustness, being more stable than Q, K
and 'V, but still contribute to performance loss in
reasoning-intensive tasks, such as SQuAD. These
trends suggest that analog noise primarily disrupts
where the model attends, rather than how it trans-
forms the attended information. Overall, analog
robustness is submodule-dependent with attention
projections dominating failure behavior.

Attention-Level Vulnerability and Behavioral
Shifts. The attention-level analysis shows that
analog noise introduces structured and non-uniform
degradation across layers and heads. Head sensitiv-
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Figure 2: Submodule analysis of transformer architectures across three NLP tasks under analog noise. Bold
solid lines denote analog inference results, while dashed lines indicate digital baselines. Negative values indicate

degradation due to noise.
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Figure 3: Layer- and head-level attention vulnerability under analog noise for the ROBERTa question answering.

ity maps (Figure 3a) show that vulnerability con-
centrates in higher ROBERTa layers with a small
subset of heads exhibiting consistently higher di-
vergence while many remain relatively stable. This
trend is reinforced by the layer-wise KL divergence,
which grows monotonically with depth and peaks
in the final layers (Figure 3b). This suggests that
higher-level semantic reasoning is more sensitive
to analog perturbations. Lastly, beyond magnitude
alone, attention behavior analysis reveals a clear
shift toward increased scattering with a larger frac-
tion of heads exhibiting a positive entropy change
compared to focused or stable regimes (Figure 3c).
This redistribution implies that analog noise pri-
marily disrupts precise token routing rather than
uniformly corrupting attention, leading to diffuse
attention patterns that degrade reasoning-intensive
performance.

We also discuss input token length impact and
theoretical energy scaling in Appendix A.5.

Benefits of AIMC and Robustness Considera-
tions. Prior AIMC systems demonstrate signifi-
cant practical benefits, including improved energy
efficiency (e.g., up to ~658 TOPS/W in SRAM-
based designs) and competitive accuracy under re-
alistic device constraints (Sebastian et al., 2020;
Rasch et al., 2024). However, these demonstrations
have mainly focused on CNN-based models for im-
age classification tasks. Additionally, unlike digital
quantization methods, which introduce determin-
istic and independent rounding noise that remains
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fixed at inference time, AIMC introduces struc-
tured and time-varying perturbations arising from
device-level effects such as programming noise,
conductance drift, and read variability. These per-
turbations directly affect MVMs and can induce
correlated shifts in attention computations, leading
to systematic changes in attention patterns rather
than uniform degradation. Our mechanistic analy-
sis addresses this discrepancy by showing that such
structured analog perturbations are not captured
by conventional digital approximation methods.

4 Conclusion

In this study, using hardware-aware simulation,
we show that analog noise induces consistent
but task- and architecture-dependent performance
degradation, with larger impact on reasoning-
intensive tasks than on sentence-level classification.
Submodule- and attention-level analyses show that
Q/K/V projections and early attention formation
are the most vulnerable, while feed-forward layers
remain relatively robust. Also, analog inference
does not fail uniformly but disrupts specific inter-
nal mechanisms that govern attention structure and
contextual reasoning. These insights offer practical
guidance for designing more robust analog trans-
formers and motivate future work on hardware-
aware attention stabilization.

Acknowledgment: This research is supported
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Agreement W911NF-24-2-0133.



5 Limitations

One limitation of this study is that it relies on
hardware-aware simulation rather than deployment
on fabricated analog accelerators. However, AIMC
simulators such as AIHWKIT have been exten-
sively validated in prior work and provide a reli-
able approximation of device non-idealities, noise,
and variability for pre-deployment evaluation. As a
result, our findings should be interpreted as indica-
tive robustness trends rather than exact predictors
of absolute on-chip performance. Another limi-
tation is that we focus exclusively on AIHWKIT
simulator because it currently provides the most
reliable and extensible support for transformer ar-
chitectures, whereas other SOTA analog simulators
remain limited to CNNSs or shallow MLPs and can-
not faithfully model modern attention-based sys-
tems.

Finally, we do not report absolute energy mea-
surements, as our primary goal is robustness and
mechanistic analysis. Accurate end-to-end energy
estimation for analog transformer inference re-
mains infeasible without deployable hardware and
standardized power measurement interfaces.

6 Ethical Considerations

Our work does not present new datasets, personal
data, or downstream decision-making systems and
therefore poses minimal direct ethical risk. How-
ever, deploying transformer models on analog hard-
ware without adequate robustness analysis could
lead to silent performance degradation, particu-
larly in high-stakes applications such as medical
question answering or legal document analysis.
Therefore, by explicitly identifying vulnerable sub-
modules, layers, and attention mechanisms, this
study aims to reduce such risks rather than exacer-
bate them. We highlight that analog deployment
should be preceded by thorough validation and
transparency about potential failure modes.
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A Appendix

A.1 Challenges of Layer Conversion to
Analog Hardware

In this work, we find that transforming transformer
architectures to analog execution presents several
practical and architectural challenges that go be-
yond a simple replacement of linear layers. We
find that non-linear operations require exponen-
tiation, normalization, or data-dependent control
flow, which are difficult to implement accurately
in analog crossbar arrays. In practice, these opera-
tions are therefore executed digitally even in analog
accelerator designs, allowing analog computation
to focus on the dominant linear workloads while
preserving numerical stability and model fidelity.
Another issue is transformer blocks tightly inter-
leave linear operations with normalization, non-
linear functions, and residual connections, creat-
ing strict numerical coupling between analog and
digital components. Thus, small perturbations in-
troduced during analog MVM can be amplified by
residual pathways or redistributed by LayerNorm.
Therefore, it leads to non-local effects that are dif-
ficult to isolate.

Attention mechanisms also impose additional
sensitivity constraints: query—key interactions de-
pend on precise relative scaling, and analog noise
in projection layers can distort attention logits in a
highly input-dependent manner. Third, hardware
constraints, such as limited ADC/DAC resolution,
bounded dynamic range, and device drift, require
careful configuration of weight scaling and output
normalization to prevent saturation or underutiliza-
tion of analog tiles. In practice, we observe that a
uniform analog mapping across all layers is neither
optimal nor robust, which motivates the use of se-
lective and component-aware conversion strategies.
These challenges underscore the need for a system-
atic pre-deployment analysis to determine where
analog computation is most effective and where
digital execution remains necessary.

A.2 Experimental Setup and Configuration

Analog hardware non-idealities are modeled utiliz-
ing a PCM-like noise process. All noise configura-

tions adhere to AIHWKIT standard practices and
developer guidelines (Le Gallo et al., 2023; Biichel
et al., 2024). In the medium-noise configuration,
weight programming noise is modeled using an
additive Gaussian weight modifier with standard
deviation 0.05 relative to the maximum conduc-
tance. Read noise is injected during inference with
a magnitude 0.0175, and we set output noise to
0.04. Programming, read, and drift noise scales
in the PCM noise model are all set to 1.0, and
global drift compensation is applied during infer-
ence. Additionally, we apply fixed-weight clipping
with a bound of 1.0, iterative bound management,
and absolute-maximum noise management. Digital
bias is enabled for all layers, with column-wise
weight and output scaling and a fixed weight scal-
ing factor w = 1.0. The maximum analog tile input
size is set to 256.

To disentangle the impact of analog noise
from structural analog conversion, we eval-
uate three inference configurations for each
model: a full-precision digital baseline (FP32),
an ideal analog configuration with noise disabled
(is_perfect=True), and a noisy analog con-
figuration using the medium-noise parameters
described above. All models are evaluated in
inference-only mode, without fine-tuning or noise-
aware retraining, to isolate the intrinsic robustness
of pre-trained transformer architectures.

For sentence-level classification tasks (SST-2
and MNLI), inputs are tokenized with a maximum
sequence length of 128 tokens, batch size 8, and
evaluated using classification accuracy and cross-
entropy loss. For question answering on SQuUAD
vl.1, inputs are tokenized with a maximum se-
quence length of 320 tokens and a document stride
of 128. Performance is measured using standard
exact match (EM) and F1 metrics. All experi-
ments use identical preprocessing and evaluation
pipelines across digital and analog configurations.
Finally, all reported results are averaged over three
independent inference runs with different random
seeds. We report both the mean performance and
standard deviation to account for stochastic hard-
ware effects. All inference experiments are con-
ducted on an NVIDIA A100 GPU (40 GB).

A.3 Weight Mapping onto Analog Crossbar
Arrays

In AIMC, the weight matrix of each linear layer
is mapped onto one or more resistive crossbar ar-
rays, where synaptic weights are encoded as pro-
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grammable conductance values (see Figure 1). In
our experiments, AIHWKIT automatically parti-
tions each dense weight matrix W € R”*" into
tiles of size at most 256 x 256, reflecting practi-
cal crossbar dimension constraints. Each weight
element w;; is linearly mapped to a conductance
value g;j € [gmin, Ymax] Using column-wise weight
scaling,

Gij = O Wij, (6)

where «; represents a learned scaling factor for
column j.

During inference, digital input activations are
transformed to analog voltages via finite-resolution
DAC:s and applied to the rows of the crossbar. The
resulting output currents implement the analog
MVM through Kirchhoff’s current law,

Lu=G QDAC (X)7 (7

where G is the conductance matrix and Qpac(-)
denotes DAC quantization. Column currents are
accumulated and converted back to digital values
using ADCs.

Device-level non-idealities such as stochastic
programming noise, read noise, and temporal con-
ductance drift are applied directly to the stored con-
ductances. This hardware-aware weight mapping
enables the crossbar representation to accurately
capture the effects of analog weight storage and
computation.

A.4 Related Works

Recent natural language processing (NLP) research
has increasingly explored efficiency-oriented de-
ployment methods for transformer models, includ-
ing quantization (Jin et al., 2024), low-precision
inference (Zadeh et al., 2020), and pruning (Ilhan
et al., 2024), with a primary focus on preserving
task accuracy under reduced digital precision. Fur-
thermore, substantial effort has been devoted to
improving training efficiency and inference speed
on digital accelerators (Houlsby et al., 2019; Liu
et al., 2022; Treviso et al., 2023; Zhou et al., 2021).
However, all these approaches assume determin-
istic arithmetic and overlook the stochastic, struc-
tured noise that directly perturbs attention compu-
tations in analog hardware. In particular, existing
work rarely examines how analog non-idealities
reshape attention distributions, disrupt projection
submodules, or amplify errors across layers, mech-
anisms that are central to linguistic reasoning in

F1 Drop by Sequence Length: BERT vs. RoBERTa on SQUAD

6 Model

F1 Drop (Digital F1 - Analog F1)

65-128 129-256 257-320
Sequence Length Bin

Figure 4: F1 score drop (digital — analog) as a func-
tion of input sequence length for BERT and RoBERTa
on SQuAD. Analog-induced degradation rises with se-
quence length

transformers. Our work addresses this gap by re-
framing analog inference as a language understand-
ing problem.

From a hardware perspective, AIMC has been
shown to offer substantial energy and latency bene-
fits for MVM. Popular SOTA hardware-aware sim-
ulators (Rasch et al., 2021; Lammie et al., 2022;
Xiao et al., 2022; Chen et al., 2018) have enabled
early exploration of analog inference without re-
quiring fabricated devices. Although prior AIMC
studies have examined vision (Joshi et al., 2020;
Rahman et al., 2024; Lambertini et al., 2025) and
speech models (Ambrogio et al., 2023) in depth us-
ing accelerators, explorations into analog inference
for NLP remain limited. Existing work does not an-
alyze how analog noise impacts internal language-
model mechanisms such as attention heads, projec-
tion submodules, or layer-wise semantic process-
ing. Thus, our work adopts a language-centric view
of analog inference, combining task-level evalua-
tion with submodule- and attention-level analysis
to reveal how analog perturbations distort attention
structure and contextual reasoning in transformer
models. Overall, we focus not only on end-to-end
performance, but also on how analog noise alters
the internal attention dynamics that underpin NLP.

A.5 Additional Experiments

Sequence Length Sensitivity under Analog In-
ference The figure 4 demonstrates that analog-
induced performance degradation increases consis-
tently with input sequence length for both BERT
and RoBERTa on SQuAD. Short contexts (0—64
tokens) experience relatively modest F1 drops,
while longer contexts (257-320 tokens) exhibit the
largest degradation, with a decline of more than
five F1 points for both models. This monotonic
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trend suggests that analog noise accumulates as
attention spans grow, disproportionately affecting
long-range contextual reasoning rather than local
lexical processing. Although BERT and RoBERTa
differ slightly in absolute sensitivity, their overall
trends are similar. RoBERTa is more stable for
short inputs. It becomes marginally more fragile
for the longest contexts. Overall, both models show
consistent behavior across architectures, revealing
an inherent vulnerability of transformer attention
mechanisms under analog execution when deeper
contextual integration is required.

Theoretical Energy Scaling Analysis. Directly
estimating energy consumption for transformer in-
ference on analog hardware is currently infeasible
due to the lack of publicly accessible, large-scale
AIMC accelerators that support transformer archi-
tectures and the lack of standardized power mea-
surement interfaces for such systems. Although
hardware-aware simulators capture functional non-
idealities, they do not model complete system-level
energy costs, including peripheral circuitry, inter-
connects, and runtime scheduling. Thus, instead
of estimating absolute energy values, we analyze
relative energy scaling trends to provide theoreti-
cal insight into how analog inference compares to
digital execution.

For a transformer with sequence length L, hid-
den dimension d, and N layers, the dominant dig-
ital inference cost arises from dense matrix mul-
tiplications and memory accesses. So, the energy
consumption of digital inference can be approxi-
mated as

Egigita o< N - (Ld* + L*d + Ld?), ®)

where the three terms correspond to the Q/K/V
and output projections, attention score computation,
and feed-forward layers, respectively. Each oper-
ation incurs both arithmetic and memory access
energy. Thus, the overall cost scales quadratically
with sequence length.

In contrast, AIMC executes MVMs directly
within crossbar arrays, collapsing d?> multiply—
accumulate operations into a single physical op-
eration. As a result, the analog inference energy
scales with the number of MVMs rather than indi-
vidual MACs:

Eanalog x N- (L “Evyvm + L 'EADC)7 )

where Eyym represents the energy of a crossbar
MVM and Fapc captures the cost of analog-to-

digital conversion during attention score computa-
tion.Notably, projection layers scale linearly with
L, whereas the quadratic dependence is driven by
attention score computation rather than normaliza-
tion.

Equations 8 and 9 indicate that the relative en-
ergy benefit of analog inference increases with
model width d, while long-context attention re-
mains a dominant contributor to analog overhead.
This theoretical scaling explains why projection-
heavy components benefit most from analog ex-
ecution and why attention mechanisms become
increasingly fragile under analog noise for longer
sequences. Our empirical results in Section 3 quali-
tatively align with this analysis, supporting the use
of theoretical energy scaling as a principled proxy
in the absence of deployable hardware.

A.6 Dataset Details

1. SST-2 (Sentiment Classification): SST-2 is a
binary sentiment classification dataset consist-
ing of approximately 67k training, 872 val-
idation, and 1.8k test sentences from movie
reviews, labeled as positive or negative. It pri-
marily evaluates local lexical understanding
and short-range contextual semantics.

2. MNLI (Natural Language Inference): MNLI
includes approximately 393k training
premise—hypothesis pairs annotated with
entailment, contradiction, or neutral labels.
The evaluation data is split into matched and
mismatched genres: the matched validation
and test sets each have approximately
19.6k—19.7k examples drawn from the same
genres as training, while the mismatched vali-
dation and test sets each have approximately
9.8k examples from unseen genres.

3. SQuAD vl.1 (Question Answering): SQuAD
vl.1 includes 87k training and 10k vali-
dation question—answer pairs derived from
Wikipedia articles. Models are needed to ex-
tract exact answer spans from context pas-
sages, testing long-range contextual reasoning
and token-level precision.

4. ARC-Easy (AI2 Reasoning Challenge — Easy
Set): ARC-Easy includes around 2.3k training
and 570 validation multiple-choice science
questions derived from grade-school level ex-
ams. Four answer choices accompany each
question, and models must select the correct
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option based on commonsense and basic sci-
entific reasoning.
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