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Abstract001

Hybrid quantum classical models offer theoret-002
ical advantages in expressivity and robustness,003
yet their practical utility in natural language004
processing (NLP) is still not well studied. This005
paper examines how variational quantum cir-006
cuits behave when they applied to highly com-007
pressed text representations. A hybrid model008
is proposed where a frozen DistilBERT en-009
coder converts each sentence into a fixed eight-010
dimensional representation. This compact rep-011
resentation is then passed to either a classical012
multilayer perceptron or a variational quantum013
head, with both options having a similar num-014
ber of trainable parameters. To interpret these015
models, the paper defines Interface Grad-CAM,016
a mechanism that attributes importance at the017
shared interface and maps saliency back to to-018
kens. On SST-2, AG News and Yelp Polar-019
ity, the quantum head consistently matches or020
slightly outperforms the classical head under021
the same eight dimensional bottleneck. More022
importantly, a Quantum Shield effect is ob-023
served: on SST-2, the synonym based attack024
success rate drops from about 47% for the025
classical head to about 17% for the quantum026
head, with a concurrent reduction on the other027
datasets. Gradient norm diagnostics at the inter-028
face indicate that this robustness does not arise029
from gradient masking. An entanglement analy-030
sis further reveals a modest negative correlation031
between global quantum entanglement and the032
entropy of token level importance scores, pro-033
viding preliminary evidence that more highly034
entangled states may be associated with sharper,035
more focused explanations in the compressed036
feature space.037

1 Introduction038

Quantum machine learning is becoming a practical039

approach in which quantum approaches are used040

as a subroutine of a learning pipeline, instead of041

trying to replace the entire machine learning model042

with specialized quantum computers (Biamonte043

et al., 2017; Schuld and Killoran, 2019). Hybrid 044

quantum classical neural networks combine quan- 045

tum circuits with classical neural networks so that 046

they can be trained together as one system. This 047

approach has been tested on image classification 048

and small structured datasets, where quantum parts 049

work as learnable modules that can help improve 050

performance when computing resources are lim- 051

ited (Farhi and Neven, 2018; Cong et al., 2019; 052

Schuld et al., 2020). 053

In natural language processing, several works 054

have coupled classical text encoders with quan- 055

tum circuits for downstream classification tasks 056

(Tacchino et al., 2020; Ardeshir-Larijani and Fat- 057

mehsari, 2024). These studies often show simi- 058

lar or slightly better accuracy when only a small 059

amount of data is available, suggesting that quan- 060

tum components might be able to capture useful 061

patterns from compact text representations. How- 062

ever, there are two major limitations. First, many 063

NLP hybrid models compare strong classical en- 064

coders with small quantum parts with much weaker 065

classical models, making it hard to tell whether any 066

improvement truly comes from the quantum com- 067

ponent. Second, methods for explaining quantum 068

models are much less developed than those for clas- 069

sical deep learning, especially for text tasks where 070

understanding the importance of individual words 071

is important for trust and interpretability (Ribeiro 072

et al., 2016; Sundararajan et al., 2017). Quantum 073

Grad-CAM methods for vision (Zhang et al., 2024) 074

provide one direction to interpret variational cir- 075

cuits, but analogous techniques for hybrid text mod- 076

els remain rare. 077

This paper addresses these gaps by proposing 078

and evaluating a hybrid quantum classical archi- 079

tecture centered on a shared small language model 080

encoder and a carefully controlled low dimensional 081

interface representation. The design is based on 082

three simple ideas. First, the quantum and classical 083

parts use the same input vector and have nearly 084
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the same number of parameters. This makes sure085

that any difference in performance comes from the086

quantum processing itself, not from having a larger087

model. Second, explainability is a main focus. The088

model includes an Interface Grad-CAM method089

that traces the prediction back to the shared in-090

terface vector and the input words, creating clear091

importance maps that can be fairly compared for092

the quantum and classical parts. Third, the model093

studies robustness and entanglement. It checks how094

explanations change when words are replaced with095

similar ones and examines how the entanglement096

of the quantum circuit relates to the explanation097

patterns. The experiments use the SST-2 sentiment098

dataset with a strict eight-dimensional interface099

limit and are also tested on AG News and Yelp100

Polarity to see how the method behaves on other101

text classification tasks.102

This paper is organized into different sections.103

The related work is discussed in Section 2, whereas104

methodology is explained in Section 3. Section 4105

mentioned details about the experiments. Analysis106

of classical and quantum NLP models is provided107

in Section 5 and Section 6 concludes the findings108

with explanation about the future work.109

2 Related Work110

Research on quantum machine learning has es-111

tablished several foundations for hybrid quan-112

tum–classical architectures. Early work on quan-113

tum neural networks and quantum-inspired clas-114

sifiers explored how variational quantum circuits115

can approximate nonlinear decision boundaries and116

be trained with gradient-based methods (Biamonte117

et al., 2017; Schuld and Killoran, 2019; Schuld118

et al., 2020). In vision and small-scale tabular tasks,119

studies on quantum classifiers and quantum convo-120

lutional networks demonstrated that quantum com-121

ponents can be embedded into classical models to122

achieve competitive performance under limited re-123

sources (Farhi and Neven, 2018; Cong et al., 2019;124

Tacchino et al., 2020).125

Hybrid approaches for text classification have126

been investigated more recently. Some systems127

used fixed classical encoders to map sentences into128

continuous feature spaces, followed by quantum129

circuits that act as trainable classifiers (Tacchino130

et al., 2020). More advanced work on hybrid131

transfer learning showed that quantum heads at-132

tached to pretrained language models can match133

or slightly outperform classical heads when train-134

ing data are scarce (Ardeshir-Larijani and Fat- 135

mehsari, 2024). However, these studies often com- 136

pared quantum circuits against relatively shallow 137

or under-parameterized classical baselines, making 138

it difficult to disentangle the benefits of quantum 139

structure from simple differences in model capac- 140

ity. 141

Explainability is another critical dimension for 142

modern NLP systems. Methods such as local sur- 143

rogate explanations and gradient-based attribution 144

have provided tools to interpret classical deep mod- 145

els (Ribeiro et al., 2016; Sundararajan et al., 2017). 146

Grad-CAM and its extensions use gradients with 147

respect to intermediate activations to produce class- 148

specific saliency maps, offering an intuitive view of 149

where a model “looks” when making decisions. Re- 150

cently, quantum Grad-CAM variants have been pro- 151

posed for visual applications (Zhang et al., 2024), 152

but explainability for quantum text models remains 153

relatively unexplored. In parallel, adversarial at- 154

tacks on text classifiers, including synonym-based 155

methods such as TextFooler (Jin et al., 2020), have 156

highlighted the fragility of classical NLP models 157

and motivated the study of robustness-aware expla- 158

nations. 159

The present work connects these lines of re- 160

search by combining a frozen language model 161

encoder with matched quantum and classical 162

heads, introducing an interface-level Grad-CAM 163

mechanism, and evaluating both robustness and 164

entanglement-based properties of quantum expla- 165

nations. 166

3 Methodology 167

The architecture is designed for sentence level clas- 168

sification tasks. The empirical analysis in this pa- 169

per focuses on three benchmarks: SST-2, AG News 170

and Yelp Polarity. 171

3.1 Datasets Description 172

The Stanford Sentiment Treebank (SST-2) is a bi- 173

nary sentiment classification dataset derived from 174

the Stanford Sentiment Treebank (Socher et al., 175

2013). Each example consists of a single English 176

sentence and a label y ∈ {0, 1}, where 0 denotes 177

negative sentiment and 1 denotes positive senti- 178

ment. The training set contains approximately 179

67 000 examples, and the validation set contains 180

872 examples. The gold labels for the official test 181

split are hidden, so this paper reports validation 182

metrics and uses the test split primarily for explain- 183
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ability and robustness analysis.184

AG News is a dataset used for classifying news185

into four categories: World, Sports, Business, and186

Science/Technology, based on news titles and short187

descriptions (Zhang et al., 2015). Yelp Polarity is a188

large-scale binary sentiment dataset of user reviews189

in which labels indicate overall positive or negative190

sentiment (Zhang et al., 2015). For all datasets, a191

held out portion of the original training data is used192

for validation, and the official test sets are used for193

reporting aggregate performance and robustness194

metrics.195

3.2 Preprocessing and Tokenization196

Each input sentence is first processed by the Distil-197

BERT tokenizer, which splits the text into subword198

tokens drawn from a fixed vocabulary. Sequences199

longer than a maximum length L are truncated, and200

shorter sequences are padded to length L. An as-201

sociated binary attention mask marks real tokens202

and padding positions. The model receives token203

identifiers and the corresponding attention mask as204

input. The shared encoder is a frozen DistilBERT205

model that maps the token sequence and the atten-206

tion mask to contextualized hidden states. These207

token representations are mean pooled using the208

attention mask to obtain a single sentence vector,209

which is then passed through a learned linear pro-210

jection to form the interface vector z ∈ RD. In the211

experiments, the dimension of the interface is set212

to D = 8. Figure 1 illustrates the data flow from213

raw text through tokenization, DistilBERT, mean214

pooling and projection into the shared interface.215

3.3 Classical and Quantum Variational Head216

The classical head is a lightweight217

MLP operating on the interface vector218

z ∈ RD: LAYERNORM→RELU→FC(D→219

16) →RELU→FC(16→ K).220

The quantum head treats the interface vector z ∈221

RD as a set of input angles to a variational quan-222

tum circuit with D qubits. The circuit uses Pen-223

nylane’s StronglyEntanglingLayers template,224

which consists of repeated layers of parameter-225

ized single qubit rotations and entangling two qubit226

gates.227

Let, n = D denote the number of qubits and228

let L denote the number of entangling layers. The229

quantum circuit performs two main steps: data230

embedding, which applies rotations based on the231

components of z, and variational evolution, which232

applies L layers of parameterized entangling gates233

with trainable angles θ. The data embedding uni- 234

tary can be written abstractly as 235

Uembed(z) =
n∏

i=1

R(zi, i), (1) 236

where R(zi, i) denotes a composition of single- 237

qubit rotations on qubit i with angles derived from 238

zi. The variational part applies L layers of parame- 239

terized gates: 240

Uvar(θ) =

L∏
ℓ=1

Uℓ(θℓ), (2) 241

where each Uℓ couples all qubits through a pre- 242

scribed entangling topology and θℓ collects the 243

trainable rotation angles in layer ℓ. The full unitary 244

is therefore 245

U(z,θ) = Uvar(θ)Uembed(z). (3) 246

Starting from the all-zero state |0⟩⊗n, the circuit 247

prepares 248

|ψ(z,θ)⟩ = U(z,θ)|0⟩⊗n. (4) 249

The readout measures the expectation value of the 250

Pauli Z operator on each qubit: 251

qi(z,θ) = ⟨ψ(z,θ)|Zi|ψ(z,θ)⟩, (5) 252

and assembles these into a feature vector 253

q(z,θ) = (q1, . . . , qn) ∈ Rn. (6) 254

This vector is then passed through a small classical 255

post-processing network, mirroring the structure of 256

the classical head, to produce logits over the two 257

sentiment labels. Figure 2 illustrates the data flow 258

inside the quantum head. 259
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Figure 1: Hybrid quantum–classical architecture used in this work. Raw text is encoded by a frozen DistilBERT
encoder, pooled, and linearly projected to a d-dimensional interface that feeds either a classical head or a quantum
head to produce class logits and softmax predictions. Notation: B is batch size, T is sequence length, H is encoder
hidden size, d is interface dimension (and number of qubits), K is number of classes and FC denotes a fully
connected (linear) layer.

Figure 2: PennyLane circuit for the quantum head:
AngleEmbedding encodes z ∈ Rd on d qubits, fol-
lowed by StronglyEntanglingLayers (L=4), with
⟨Z⟩ readout on each qubit producing q ∈ Rd.

3.4 Loss Function and Optimization260

For a given example (x, y) with label y ∈ {0, 1},261

each head (classical or quantum) produces logits262

that are converted to class probabilities with a soft-263

max layer. Training minimizes the standard cross-264

entropy loss, which penalizes low probability as-265

signed to the true label and encourages confident266

correct predictions. This choice is convenient for267

the quantum head because gradients can be prop-268

agated through the hybrid graph using parameter269

shift rules for the variational circuit (Schuld et al.,270

2019). 271

Training is performed using AdamW optimizer 272

(Loshchilov and Hutter, 2019). A smaller learning 273

rate is applied to the quantum circuit parameters 274

than to the projection and MLP layers, reflecting 275

empirical observations that conservative updates 276

help avoid barren plateaus (McClean et al., 2018). 277

Gradient clipping is used to prevent very large up- 278

dates and keep training stable. Training stops early 279

if the validation loss stops improving, and the learn- 280

ing rate is reduced automatically when progress 281

slows down. 282

3.5 Interface Grad-CAM for Hybrid Models 283

To interpret the predictions, the architecture uses 284

an interface Grad-CAM mechanism that adapts 285

the original Grad-CAM (Selvaraju et al., 2017) ap- 286

proach to the shared interface representation. Given 287

the interface vector z and logits ℓ, the explanation 288

focuses on the logit associated with the predicted 289

class c: 290

ℓc = ℓc. (7) 291

The gradient of ℓc with respect to z is computed: 292

g = ∇zℓc. (8) 293

The interface saliency vector sint ∈ RD is defined 294

by elementwise gradient–activation products: 295

sint = z⊙ g, (9) 296
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where ⊙ denotes element wise multiplication. The297

saliency is then normalized to the interval [0, 1]:298

sint
norm =

sint −minj s
int
j

maxj s
int
j −minj s

int
j + 10−8

. (10)299

To obtain token level scores, the method uses the300

encoder projection weights. Recall that301

z = Wprojhpool + bproj. (11)302

The interface weights can be used to define a vector303

in the encoder hidden space:304

v = sint
norm

⊤Wproj, (12)305

where v ∈ RH represents a global importance306

direction. For each token position i, a raw token307

importance score is computed as:308

ri = h⊤
i v. (13)309

The scores are masked and normalized over non-310

padding positions to produce a probability distribu-311

tion over tokens:312

ptok
i =

max(ri, 0) ·mi∑L
j=1max(rj , 0) ·mj + 10−12

. (14)313

These token level probabilities form the basis for314

the entropy, stability and faithfulness metrics de-315

scribed in the next section.316

4 Experiments317

4.1 Experimental Setup318

All experiments use SST-2 with a training subset319

of 20 000 sentences randomly sampled from the320

official training set. The full development set of321

872 examples is used for validation. DistilBERT322

is frozen and used as a feature extractor with max-323

imum sequence length L = 128. The interface324

dimension is D = 8 for both heads. The optimizer325

is AdamW with base learning rate 10−3, and the326

quantum circuit parameters use a scaled learning327

rate of 3 × 10−4. Batch size is 32. The main328

baselines consist of a classical head attached to the329

shared interface and quantum head as described in330

Section 3.3.331

4.2 Training Dynamics332

On SST-2, the classical head converges quickly in333

about four epochs, reaching approximately 0.79334

accuracy with validation loss dropping from about335

0.65 to 0.46 before plateauing. The quantum head336

Model Val Acc Val Loss

Classical Head 0.79 0.46
Quantum Head 0.83 0.38

Table 1: Validation accuracy and loss on SST-2. The
hybrid heads share the interface vector and have closely
matched parameter counts.

Dataset Model Val Acc Val Loss

SST-2 Classical 0.79 0.46
Quantum 0.83 0.38

AG News Classical 0.88 0.33
Quantum 0.89 0.33

Yelp Polarity Classical 0.86 0.33
Quantum 0.88 0.29

Table 2: Validation accuracy and loss across datasets
under a shared eight dimensional representation.

starts slower but continues improving, ultimately 337

achieving around 0.83 accuracy with validation 338

loss decreasing from about 0.70 to 0.38 before 339

early stopping. 340

Gradient clipping and differential learning rates 341

are essential for stable training of the quantum head. 342

Without clipping, large gradient spikes occasionally 343

occur and can destabilize training. Constraining 344

the gradient norm yields smoother updates, and us- 345

ing a smaller learning rate for quantum parameters 346

improves convergence. 347

Table 1 summarizes the main validation results 348

on SST-2, and Table 2 reports validation accu- 349

racy and loss across datasets under the same eight- 350

dimensional interface. The quantum head improves 351

validation accuracy and loss on SST-2 while using 352

the same frozen encoder and interface representa- 353

tion. This suggests that the quantum circuit can 354

exploit the compact interface representation more 355

effectively than a shallow MLP when appropriately 356

tuned. The total number of trainable parameters 357

differs by fewer than 100 parameters between the 358

classical and quantum variants, and both occupy 359

approximately 253 MB on disk. On a CPU-only 360

setup, a full training run on SST-2 takes about 14 361

minutes for the classical head and about 19 minutes 362

for the quantum head, reflecting the additional cost 363

of quantum circuit simulation. 364

4.3 Additional Datasets 365

To assess whether the observations on SST-2 gen- 366

eralize to other text classification tasks, the same 367

frozen DistilBERT encoder was evaluated on two 368

additional datasets: AG News (four-way topic clas- 369

5



sification) and Yelp Polarity (binary review sen-370

timent). For each dataset, the encoder is frozen,371

the interface dimension is fixed at D = 8 for372

both heads and the models are trained under the373

same optimization protocol with 10 000 training374

examples, 10 000 validation examples and a 4 000-375

example test subset. On AG News, the classical376

head achieves validation and test accuracies of ap-377

proximately 0.88 and 0.89 respectively, while the378

quantum head reaches very similar values (valida-379

tion accuracy 0.89, test accuracy 0.89) with a lower380

synonym-based attack success rate (0.09 vs. 0.16).381

On Yelp Polarity, the classical head achieves vali-382

dation accuracy around 0.86 (test accuracy 0.87),383

and the quantum head performs slightly better, with384

validation accuracy about 0.88 and test accuracy385

about 0.88 and a lower adversarial success rate386

(0.03 vs. 0.09). Across all three datasets (SST-2,387

AG News and Yelp Polarity), the quantum head388

therefore matches or slightly surpasses the classical389

head in accuracy under the same eight-dimensional390

interface constraint and consistently exhibits lower391

synonym-based attack success rates, although the392

absolute margins remain modest and dataset depen-393

dent.394

4.4 Ablation Studies395

Several ablation studies quantify the contributions396

of design choices.397

Interface dimension: Reducing D from 8 to 4398

degrades the quantum head by roughly two points,399

while the classical head is less affected. This400

suggests that the quantum circuit benefits from a401

slightly richer interface, likely because fewer qubits402

limit the entanglement structure.403

Quantum depth and readout: Using only L = 2404

entangling layers and measuring a single qubit405

yields lower accuracy and weaker robustness. In406

contrast, the multi-qubit readout with L = 4 lay-407

ers provides better performance, confirming that408

deeper entanglement and richer readouts are bene-409

ficial in the bottleneck setting.410

Learning-rate schedule: Using a smaller learn-411

ing rate for quantum parameters improves training412

stability and final accuracy. Training the quantum413

head with the same learning rate as the classical414

head produces noisier validation curves and slightly415

lower final accuracy. The smaller learning rate for416

quantum parameters combined with ReduceLROn-417

Plateau yields smoother convergence and higher418

accuracy.419

Gradient clipping: Clipping gradients (max420

norm 1.0) prevents occasional large updates and 421

stabilizes training. Disabling clipping can lead to 422

validation degradation and occasional divergence. 423

Clipping with a norm of 1.0 significantly stabilizes 424

training. 425

5 Analysis 426

The classification reports generated on the valida- 427

tion set provide a detailed view of per class perfor- 428

mance. The classical head exhibits strong precision 429

on negative examples but lower recall, indicating a 430

tendency to favor positive predictions. The quan- 431

tum head is more balanced across classes, with 432

f1-scores above 0.82, reducing both error types. 433

The confusion matrix statistics confirm that the 434

quantum model reduces both types of errors. 435

5.1 Explainability Metrics 436

Using the token-level saliency distributions ptok
i , 437

the following XAI metrics are computed. 438

Entropy: The normalized entropy of the saliency 439

distribution is 440

H = − 1

logN

N∑
i=1

ptok
i log

(
ptok
i + 10−12

)
, (15) 441

where N is the number of valid tokens. Lower H 442

indicates more concentrated explanations. Both 443

heads produce reasonably focused explanations, 444

with small dataset-dependent differences (Table 3). 445

For example, on SST-2 the classical head achieves 446

an entropy of 0.940 while the quantum head 447

achieves 0.937. 448

Stability: To measure stability under perturba- 449

tions, random subsets of tokens are masked in the 450

input, and new saliency distributions are computed. 451

Stability is defined as the cosine similarity between 452

the original and perturbed saliency vectors: 453

S =

∑
i p

tok
i qtok

i√∑
i(p

tok
i )2

√∑
i(q

tok
i )2

, (16) 454

where qtok is the perturbed distribution. The quan- 455

tum head achieves slightly higher mean stability 456

than the classical head. 457

Faithfulness: To evaluate faithfulness, the top-k 458

salient tokens are masked, and the drop in predicted 459

probability for the originally predicted class is mea- 460

sured: 461

∆ = porig
c − pmasked

c , (17) 462

where porig
c is the original predicted probability and 463

pmasked
c is the probability after masking. Larger ∆ 464
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Dataset Model Entropy ↓ Stability ↑ Faith. drop ↑

SST-2 Classical 0.940 0.922 0.478
Quantum 0.937 0.932 0.304

AG News Classical 0.973 0.954 0.369
Quantum 0.964 0.946 0.196

Yelp Polarity Classical 0.977 0.958 0.425
Quantum 0.977 0.939 0.164

Table 3: Token level explainability metrics at the inter-
face for each dataset. Entropy measures concentration
of saliency (lower is more focused), stability measures
robustness of token scores under perturbations (higher is
better) and the probability drop after masking salient to-
kens measures faithfulness (higher indicates that salient
tokens are influential).

indicates that the explanation identifies truly influ-465

ential tokens. The classical head shows a larger466

drop on average, whereas the quantum head has467

a somewhat smaller but still substantial drop, sug-468

gesting a more distributed yet meaningful attribu-469

tion.470

5.2 Qualitative Grad-CAM Visualizations471

In addition to aggregate metrics, the Grad-CAM472

mechanism produces token-level heatmaps for in-473

dividual sentences. For representative examples474

where both heads predict the same label, the clas-475

sical head often concentrates on a small set of476

strongly polarized tokens, whereas the quantum477

head tends to distribute saliency across sentiment-478

bearing phrases and contextual modifiers. This479

qualitative difference is consistent with the slightly480

higher stability of the quantum head’s saliency dis-481

tribution: the quantum heatmap changes less under482

small perturbations.483

5.3 Quantum Shield484

The Quantum Shield analysis uses a synonym-485

based adversarial attack inspired by TextFooler (Jin486

et al., 2020). For each input sentence, salient tokens487

are identified via interface Grad-CAM, and candi-488

date replacements are proposed using a masked489

language model. The attack attempts to alter the490

model’s prediction while preserving approximate491

semantics. Across datasets, the quantum head con-492

sistently exhibits lower or comparable attack suc-493

cess rates and equal or higher saliency similarity494

between clean and adversarial examples than the495

classical head. On SST-2, for example, the attack496

success rate drops from about 47% for the classical497

head to about 17% for the quantum head. More-498

over, the quantum head typically retains higher499

cosine similarity between Grad-CAM token scores500

Dataset Model Attack succ. ↓ Saliency sim. ↑

SST-2 Classical 0.469 0.693
Quantum 0.172 0.794

AG News Classical 0.156 0.812
Quantum 0.094 0.915

Yelp Polarity Classical 0.094 0.861
Quantum 0.031 0.856

Table 4: Adversarial robustness metrics across datasets.
Attack success is the fraction of synonym-based adver-
sarial examples that flip the prediction (lower is better),
and saliency similarity is the cosine similarity between
Grad-CAM token scores for clean and adversarial inputs
(higher indicates more stable explanations).

for clean and adversarial inputs, indicating more 501

stable explanations under synonym perturbations. 502

Table 4 summarizes adversarial robustness met- 503

rics across datasets. 504

Figure 4 visualizes the Quantum Shield results 505

across datasets. 506

5.4 Gradient Norms at the Interface 507

To verify that the observed robustness is not an 508

artifact of gradient masking, we measure the L2 509

norm of ∇z log p(ŷ | x): it is about 0.43 (classi- 510

cal) versus 0.63 (quantum), indicating comparable 511

interface sensitivity. This suggests that the lower at- 512

tack success rate of the quantum head is not due to 513

vanishing gradients but reflects genuinely different 514

behavior under synonym-based perturbations. 515

5.5 Entanglement as Attention 516

To investigate the relationship between entangle- 517

ment and explanations, the Meyer Wallach global 518

entanglement measure is computed for the quan- 519

tum state |ψ(z,θ)⟩. For each qubit i, the reduced 520

density matrix ρi is obtained by tracing out all other 521

qubits. The measure is 522

Q(|ψ⟩) = 2

n

n∑
i=1

(
1− Tr

(
ρ2i
))
. (18) 523

Across validation samples, the quantum head 524

produces highly entangled states (mean Q ≈ 0.99), 525

and Q correlates negatively with saliency entropy 526

(≈ −0.27), suggesting that higher entanglement is 527

associated with sharper token-level explanations. 528

6 Conclusion 529

This paper presents a hybrid language model that 530

combines a frozen DistilBERT encoder with either 531

a classical or a quantum classifier, both using the 532
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Figure 3: Representation of Grad-CAM token saliency visualizations for the classical and quantum heads.

Figure 4: Quantum Shield Results

same shared representation. The model is designed533

so that the classical and quantum parts have a sim-534

ilar number of parameters, allowing a fair com-535

parison. It also includes an Interface Grad-CAM536

method to explain predictions at the word level and537

studies model robustness and quantum entangle-538

ment. On the SST-2 dataset, the quantum classifier539

performs better than the classical one, achieving540

higher validation accuracy and lower loss. It is541

also much more robust to attacks where words are542

replaced with similar ones. The entanglement anal-543

ysis shows that highly entangled quantum states are544

linked to clearer and more focused explanations,545

suggesting that entanglement plays a useful role in546

shaping how the model explains its decisions.547

The overall findings suggest that hybrid 548

quantum–classical architectures can serve not only 549

as accuracy-competitive models but also as testbeds 550

for studying the interplay between quantum prop- 551

erties such as entanglement and classical notions 552

of explanation and robustness. Future work can 553

extend the experiments to additional datasets, hard- 554

ware implementations and tasks such as natural 555

language inference or question answering, as well 556

as explore circuits explicitly designed to optimize 557

both performance and explanation quality. 558

Limitations 559

The present study is limited in several ways. First, 560

the full explanation analyzes (interface Grad-CAM, 561

robustness and entanglement) are conducted on 562

SST-2; the AG News and Yelp Polarity experi- 563

ments provide additional evidence under the same 564

shared-interface design but are restricted to three 565

medium-scale classification tasks and do not cover 566

the wider variety of NLP problems such as natural 567

language inference or question answering. Sec- 568

ond, the quantum circuits are simulated on clas- 569

sical hardware; this leads to substantially higher 570

training and inference times than shallow classical 571

heads, and results on actual quantum devices may 572

differ due to noise and hardware-specific limita- 573

tions. Third, the comparison between quantum and 574

8



classical heads focuses on matched parameter bud-575

gets and a single encoder; alternative architectures576

or larger encoders may yield different relative per-577

formance. Fourth, the entanglement-as-attention578

correlation is demonstrated empirically but does579

not constitute a causal proof; further theoretical580

analysis is required.581
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