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Abstract001

Fine-tuning encoder-based Transformers in002
memory-constrained settings (e.g., edge de-003
vices or 8–16 GB GPUs) is often limited004
by peak VRAM rather than wall-clock time.005
We propose Sensitivity-Aware Adapter Place-006
ment (SAAP), a parameter-efficient fine-tuning007
method that selectively instantiates low-rank008
adapters only in task-sensitive modules. SAAP009
identifies adapter locations using an activation-010
weighted squared-gradient score (a·g2) in a sin-011
gle probing process, introducing a modest one-012
time overhead (100–300 seconds) without ar-013
chitectural changes. Across DistilBERT, BERT-014
base, and RoBERTa-base on IMDb, AG News,015
Yelp Polarity, and TweetEval:Hate, SAAP up-016
dates far fewer parameters than standard LoRA017
while maintaining comparable accuracy. On018
BERT-base (IMDb), SAAP reduces trainable019
parameters from 1.20M to 0.03M (> 97%)020
and lowers peak training VRAM from approx-021
imately 3.5 GB to 0.9 GB. Overall, SAAP im-022
proves accuracy-per-parameter trade-offs and023
provides a transparent, drop-in solution for024
memory-efficient fine-tuning.025

1 Introduction026

While Large Language Models dominate cloud027

computing, edge environments rely on compact028

encoders such as BERT and RoBERTa for pri-029

vacy and offline capability. Fine-tuning these mod-030

els on consumer-grade hardware is restricted by031

GPU memory, a bottleneck that standard Parameter-032

Efficient Fine-Tuning (PEFT) methods only par-033

tially address. Specifically, baselines like Low-034

Rank Adaptation (LoRA; Hu et al., 2022) apply035

adapters uniformly across the network, consuming036

scarce memory on modules that contribute little to037

task performance. We propose Sensitivity-Aware038

Adapter Placement (SAAP) to enable fine-tuning039

on strictly memory-constrained devices. Unlike040

adaptive rank methods such as AdaLoRA (Zhang041

et al., 2023), which distribute rank across exist- 042

ing adapters, SAAP uses a data-driven probing 043

pass based on activation-weighted squared gradi- 044

ents (a · g2) to decide whether to instantiate an 045

adapter at all. This results in structural sparsity 046

specifically suited for on-device learning. 047

The impact on resource efficiency is substantial. 048

When fine-tuning BERT-base on IMDb, SAAP re- 049

duces trainable parameters from 1.20M to 0.03M 050

and lowers peak training memory from 3.5 GB to 051

just 0.9 GB. This allows standard encoders to be 052

fine-tuned on hardware with less than 2 GB VRAM 053

while maintaining accuracy comparable to full fine- 054

tuning. We frame efficiency strictly as training- 055

time VRAM reduction, positioning SAAP as a criti- 056

cal enabler for personalised adaptation on the edge. 057

2 Related Work 058

Parameter-efficient fine-tuning (PEFT) reduces the 059

barrier to adapting transformer models by updat- 060

ing only a small subset of parameters (Xu et al., 061

2023). While early methods like adapter modules 062

(Houlsby et al., 2019) and prefix tuning (Li and 063

Liang, 2021) introduced this paradigm, Low-Rank 064

Adaptation (LoRA; Hu et al., 2022) has become 065

the standard for edge applications due to its zero 066

inference latency. However, standard LoRA ap- 067

plies adapters uniformly, and even extensions like 068

QLoRA (Dettmers et al., 2023), which address 069

storage via quantisation, do not inherently solve 070

this structural redundancy. Recent approaches 071

attempt to mitigate this dynamically: AdaLoRA 072

(Zhang et al., 2023) reallocates rank based on sin- 073

gular value importance, and Mixture-of-Experts 074

strategies like MoLA and AlphaLoRA (Gao et al., 075

2025,?; Qing et al., 2024) introduce routing mech- 076

anisms to improve expressivity. Yet, these meth- 077

ods often add architectural complexity prohibitive 078

for strictly memory-bound devices. In contrast, 079

SAAP determines adapter placement determinis- 080
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tically prior to training, ensuring a minimal, pre-081

dictable memory footprint.082

Methodologically, our approach draws upon sen-083

sitivity analysis and network pruning. Techniques084

such as attention head importance (Michel et al.,085

2019), saliency maps (Simonyan et al., 2014), influ-086

ence functions (Koh and Liang, 2017), DeepLIFT087

(Shrikumar et al., 2017), and first-order Taylor ap-088

proximations (Molchanov et al., 2019; Sanh et al.,089

2020) have traditionally been used to remove re-090

dundant weights from dense networks. SAAP re-091

purposes these signals for additive learning by em-092

ploying a lightweight, activation-weighted squared-093

gradient probe (a · g2) to identify high-sensitivity094

submodules before fine-tuning begins. This strat-095

egy allows us to instantiate adapters only where096

necessary, treating structural sparsity as a primary097

tool for enabling on-device learning.098

3 Methodology099

We propose Sensitivity-Aware Adapter Place-100

ment (SAAP), a framework for allocating101

parameter-efficient adapters (LoRA) only to those102

neural modules that contribute most strongly to103

task-specific loss reduction. To maintain computa-104

tional efficiency, we restrict the candidate search105

space M to the linear projections commonly tar-106

geted by standard LoRA, namely the query, key,107

value, and output/feed-forward dense layers. Layer108

normalisation parameters and embeddings are ex-109

cluded, as they are rarely adapted in practice and110

contribute minimally to adapter-based fine-tuning.111

To identify high-impact modules within M, we112

introduce the GRAD-WEIGHTED MUL (GWM)113

heuristic, which prioritises representations that114

are both sensitive to training signals and actively115

utilised by the network. Let A ∈ Rdout denote the116

output activation of a module and G ∈ Rdout the117

gradient of the loss L with respect to A. We com-118

pute a scalar importance score for each module m119

by accumulating an activation-weighted squared-120

gradient signal over a class-balanced mini-batch121

B:122

SGWM(m) =
∑
x∈B

∑
i

(
|G(x)

i |2 · |A(x)
i |

)
. (1)123

Squaring the gradient amplifies high-sensitivity fea-124

tures by penalising flat loss regions, while weight-125

ing by activation magnitude acts as a gating mech-126

anism that suppresses gradients flowing through127

inactive neurons (e.g., those suppressed by ReLU).128

Raw sensitivity scores can be noisy and biased by 129

network depth, so we apply a robust, multi-stage 130

selection procedure (full algorithm in Appendix A). 131

First, to mitigate depth-dependent gradient drift, 132

we apply Min–Max normalisation to S(m) within 133

each transformer block, ensuring that selection is 134

driven by relative intra-layer importance rather than 135

global magnitude effects. Second, to capture fea- 136

tures relevant to all labels, we compute normalised 137

rankings independently for each class c ∈ C. For 138

each class-specific ranking, we apply the Kneedle 139

algorithm (Satop"a"a et al., 2011) to determine an 140

adaptive cutoff kc. The final set of adapter loca- 141

tions is then obtained by taking the union of the 142

top-ranked modules across classes, 143

Mfinal =
⋃
c∈C

Topkc(M), 144

allowing SAAP to dynamically adjust the adapter 145

budget based on the knee of the sensitivity curve 146

rather than an arbitrary sparsity constraint. 147

4 Experiments 148

We evaluate SAAP on DistilBERT, BERT, and 149

RoBERTa across four text classification bench- 150

marks: IMDb, AG News, Yelp Polarity, and Tweet- 151

Eval (Hate). We compare performance against 152

Standard LoRA (targeting query, value, and dense 153

modules), AdaLoRA (adaptive rank allocation), 154

and Full Fine-Tuning. 155

4.1 Experimental Setup 156

Baselines. To strictly isolate the benefit of our 157

sensitivity-based placement from parameter count, 158

we introduce a Budget-Matched Random base- 159

line. Unlike generic random selection, this baseline 160

restricts its search space to the exact number of 161

modules (K) automatically discovered by SAAP 162

for that specific seed, ensuring a fair comparison 163

of placement strategies at identical sparsity levels. 164

SAAP Instantiation. We deploy the framework 165

using the GRAD-WEIGHTED MUL metric (§3.2) 166

and the robust selection pipeline (§3.3). For the 167

stability protocol, we aggregate scores over N = 168

20 bootstrap subsampling passes. To further filter 169

transient noise, we apply a frequency threshold, 170

retaining only those modules selected in at least 171

99% of the bootstrap passes before the final union 172

selection. The adaptive budget kc is determined 173

dynamically via Kneedle without manual sparsity 174

constraints. 175
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Implementation Details. All experiments use176

PyTorch (Paszke et al., 2019) and Hugging Face177

Transformers. We enforce reproducibility via a178

dual-seed strategy: a fixed seed (42) for model ini-179

tialisation and a variable run-seed for data sampling180

and stability selection.181

• Training: We use an effective batch size of182

32 (batch=8, accum=4), learning rate 5e−4,183

and weight decay 0.01. Training is conducted184

for 4 epochs using a split of 5,000 training185

samples and 1,000 test samples.186

• Adapters: LoRA is configured with rank r =187

8, α = 16, and dropout 0.05.188

• AdaLoRA: We initialise with rank r = 12189

decaying to a target r = 8, with pruning oc-190

curring between steps 50 (tinit) and 250 (tfinal)191

to accommodate short training durations.192

5 Results and Analysis193

Table 1 summarises the performance and effi-194

ciency of SAAP across architectures and tasks.195

Overall, SAAP achieves a favourable efficiency–196

performance trade-off: while Full Fine-Tuning197

(Full FT) attains marginally higher accuracy in198

some settings, it does so at the cost of 10–100×199

more trainable parameters and substantially higher200

computational and energy overhead. Compared201

to Standard LoRA and AdaLoRA, SAAP remains202

competitive in accuracy while dramatically reduc-203

ing parameter count and memory usage. These204

gains are driven by structural sparsity rather than205

rank compression alone. For example, on BERT-206

base (IMDb), SAAP requires only ≈ 0.03M207

trainable parameters compared to 1.19M for Stan-208

dard LoRA (> 97% reduction), resulting in a209

peak VRAM usage of 915 MB versus 3543 MB210

for LoRA. Unlike AdaLoRA, which dynamically211

masks parameters but still instantiates adapters212

across layers, SAAP entirely avoids allocating213

adapters in low-sensitivity modules, directly trans-214

lating sparsity into memory savings.215

Across baselines, SAAP matches or slightly216

trails Standard LoRA in accuracy while consis-217

tently dominating efficiency metrics. Relative to218

AdaLoRA, SAAP is competitive or superior (e.g.,219

+1.5% accuracy on DistilBERT/Yelp) while using220

substantially less memory. SAAP also consistently221

outperforms a Budget-Matched Random baseline222

(observed at ≈ 1–3% lower accuracy), confirming223

that the proposed S =
∑

|∇W |2 · |A| metric iden- 224

tifies information-dense submodules rather than 225

benefiting from sparsity alone. On the challenging 226

TweetEval:Hate task, SAAP ties for the highest 227

accuracy (0.555), suggesting that highly targeted 228

updates may act as an implicit regulariser on small 229

or noisy datasets. 230

Notably, SAAP induces markedly different 231

adapter budgets across encoder families, reflect- 232

ing architecture-specific redundancy. On BERT- 233

base, SAAP uses as little as ∼ 0.08M trainable 234

parameters (about 6% of Standard LoRA), whereas 235

DistilBERT and RoBERTa retain ∼ 0.71M (87%) 236

and ∼ 0.63M (35%), respectively. This behaviour 237

is consistent with prior understanding: BERT-base 238

is substantially over-parameterised, enabling ag- 239

gressive sparsification, while DistilBERT has al- 240

ready undergone compression via distillation and 241

therefore requires denser adaptation. RoBERTa’s 242

stronger pre-training similarly reduces excess ca- 243

pacity, leading SAAP to retain more parameters 244

than in BERT but still far fewer than uniform LoRA. 245

The identical parameter counts observed across five 246

runs for DistilBERT and RoBERTa (σ = 0) fur- 247

ther indicate that SAAP’s sensitivity estimates are 248

stable and architecture-driven. 249

5.1 Qualitative and Ablation Analysis 250

Beyond efficiency, we examine whether the mod- 251

ules selected by the proposed SGWM metric align 252

with known properties of Transformer layer spe- 253

cialisation. Across architectures, SAAP consis- 254

tently bypasses lower layers (0–2), which are 255

known to encode general syntactic and surface 256

features, and concentrates adaptation in upper- 257

layer output.dense projections for semantically 258

demanding tasks. This pattern mirrors the rediscov- 259

ery of a classical NLP pipeline reported by Tenney 260

et al. (2019) and aligns with findings that higher 261

layers encode task-specific semantics (Kovaleva 262

et al., 2019). In this sense, SAAP functions as an 263

interpretable structural probe rather than a random 264

sparsification strategy. 265

We further validate the robustness of the sensi- 266

tivity signal through targeted ablations. Comparing 267

the proposed Grad-Squared Activation score (a·g2) 268

against single-signal alternatives (e.g., |a|, |g|) and 269

other gradient–activation combinations shows that 270

composite metrics generally outperform isolated 271

signals, with a · g2 yielding the best balance of 272

mean accuracy and variance. Finally, we analyse 273

sensitivity to probing batch size and observe a clear 274
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Model Dataset Method Test Accuracy Test Loss
Peak GPU
Mem (MB)

Trainable
Params

BERT
base

AG
News Full FT 0.905±0.000 0.282±0.000 2844±320.7 109.5M±0

LoRA† 0.912±0.002 0.267±0.004 1613±107.2 1.20M±0

AdaLoRA 0.889±0.002 0.325±0.003 2262±379.1 1.79M±0

Budget-Matched Random 0.894±0.010 0.320±0.016 1066±328.8 0.14M±22.6k

SAAP 0.891±0.005 0.322±0.015 724±133.4 0.075M±11K

BERT
base IMDB Full FT 0.917±0.000 0.265±0.000 4268±8.5 109.5M±0

LoRA† 0.917±0.004 0.242±0.010 3533±32.8 1.19M±0

AdaLoRA 0.889±0.002 0.276±0.002 3575±7.3 1.79M±0

Budget-Matched Random 0.897±0.009 0.257±0.012 1999±212.6 0.14M±22.6k

SAAP 0.886±0.002 0.280±0.002 904±26.8 0.026M±0

Distil
BERT

Yelp
Polarity Full FT 0.943±0.000 0.199±0.000 3609±3.5 67.0M±0

LoRA† 0.933±0.002 0.189±0.003 2614±13.6 0.81M±0

AdaLoRA 0.912±0.003 0.217±0.002 2629±36.2 0.92M±0

Budget-Matched Random 0.925±0.007 0.192±0.018 2092±237.9 0.73M±13K

SAAP 0.926±0.002 0.197±0.003 1260±31.3 0.71M±0

RoBERTa
base

TweetEval
Hate Full FT 0.512±0.000 1.527±0.000 2523±72.3 124.6M±0

LoRA† 0.514±0.007 1.512±0.014 1220±101.2 1.78M±0

AdaLoRA 0.555±0.003 0.906±0.008 1317±99.8 2.38M±0

Budget-Matched Random 0.529±0.019 1.246±0.105 890±54.2 0.73M±13.7K

SAAP 0.555±0.001 0.712±0.001 754±73.2 0.63M±0

Table 1: Comparison of Full Fine-Tuning, standard LoRA, AdaLoRA, Budget-Matched Random baseline, and
SAAP. Results report the mean ± 95% confidence interval over 5 seeds. SAAP achieves competitive accuracy
(significantly outperforming the Budget-Matched Random baseline on TweetEval) with consistently lower peak
VRAM usage and fewer trainable parameters than AdaLoRA or LoRA.

knee at N ≈ 100: increasing N from 10 to 100 sig-275

nificantly improves stability, while larger batches276

yield diminishing returns. This indicates that the277

gradient–activation signal converges rapidly, allow-278

ing SAAP to extract reliable sensitivity estimates279

with minimal computational overhead.280

6 Discussion and Conclusion281

Our results position SAAP as a transparent, drop-in282

alternative to uniform LoRA for constrained envi-283

ronments. We proposed SAAP to bridge the gap284

between large pre-trained encoders and memory-285

bound edge devices. Unlike methods that rely286

on complex routing or quantisation alone (Gao287

et al., 2025; Qing et al., 2024), SAAP utilises a288

lightweight probing phase to deterministically al-289

locate adapters where they matter most. Our ex-290

periments show this approach dramatically lowers291

the entry barrier for on-device adaptation: reducing292

peak training memory from 3.5 GB to 0.9 GB on293

BERT-base without significant accuracy degrada-294

tion. This structural efficiency aligns with the goals295

of Green AI by minimising the computational over-296

head of fine-tuning. While our current evaluation297

focused on encoder-only architectures, the orthog-298

onality of SAAP to rank-allocation techniques sug- 299

gests a promising avenue for hybrid approaches 300

combining structural placement with rank tuning 301

(Zhang et al., 2023). Ultimately, SAAP provides a 302

stable, calibration-preserving solution for bringing 303

personalised, privacy-preserving NLP to resource- 304

constrained hardware. 305

7 Limitations 306

While the proposed Sensitivity-Aware Adapter 307

Placement (SAAP) framework demonstrates strong 308

parameter efficiency and competitive performance 309

across multiple benchmarks, several limitations 310

of the current study point to important directions 311

for future work. First, our empirical evaluation is 312

limited to encoder-only transformer architectures. 313

Given the growing dominance of generative and 314

instruction-following models, extending SAAP to 315

autoregressive and sequence-to-sequence tasks rep- 316

resents a necessary and non-trivial next step. Sec- 317

ond, all experiments in this work are conducted 318

using “base”-scale models. As a result, the be- 319

haviour of the probing phase and the stability of 320

the sparsity–performance trade-off at substantially 321

larger scales remain unexplored. Third, our evalua- 322
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tion focuses exclusively on text classification tasks.323

In complex reasoning or long-context modelling,324

the relative importance of different submodules325

may shift dynamically, which is not accounted for326

in the current formulation. Fourth, SAAP relies327

on a lightweight but non-trivial probing phase that328

uses a small, class-balanced subset of labelled data.329

This assumption may not hold in extreme few-shot330

scenarios or streaming settings. Finally, SAAP331

achieves parameter and training-memory sparsity,332

not inference latency reduction, as unselected mod-333

ules remain active during the forward pass.334

8 Ethical considerations335

This work contributes to the broader literature on336

parameter-efficient fine-tuning (PEFT) with the337

goal of lowering the computational barriers to338

adapting large pretrained language models. By se-339

lectively placing adapters only in sensitivity-critical340

submodules, SAAP substantially reduces the num-341

ber of trainable parameters relative to uniform342

LoRA-based approaches and lowers GPU mem-343

ory requirements during training. As a result, the344

proposed method directly reduces energy consump-345

tion and associated carbon emissions, aligning with346

the objectives of Green AI. In addition to efficiency347

benefits, SAAP promotes greater transparency in348

model adaptation. This explicit selection process349

enables practitioners to inspect which components350

of a pretrained model are most influential for a351

given task. We also acknowledge ethical consider-352

ations related to dataset choice and potential bias.353

One of the evaluated benchmarks, TweetEval:Hate,354

contains subjective annotations. We recommend355

that practitioners conduct fairness and bias evalu-356

ations when deploying SAAP-adapted models in357

real-world content moderation systems. Finally,358

we acknowledge the use of large language models359

(ChatGPT and Gemini) to assist with refining the360

clarity and professional tone of the writing in this361

paper.362

A Full Selection Procedure363

For completeness, we outline the stability-aware364

selection algorithm referenced in Section 3:365

1. Filtering: Restrict candidates M to standard366

linear projections (Query, Value, Dense).367

2. Sampling: For each class c, sample a bal-368

anced mini-batch from the training set.369

3. Scoring: Run forward and backward passes 370

to collect a and g. Compute S
(c)
GWM(m) = 371∑

|a⊙ g2|. 372

4. Normalisation: Group modules by layer in- 373

dex (e.g., layer.11). Apply Min-Max nor- 374

malisation within each group to scale scores 375

to [0, 1]. 376

5. Thresholding: Apply the Kneedle algorithm 377

to the sorted scores of class c to find the elbow 378

point, selecting the top modules. 379

6. Aggregation: Form the final adapter set as the 380

union over classes: Mselected = Mpos∪Mneg. 381

7. Budgeting (Optional): If a hard budget is en- 382

forced, rank the union set by aggregate score 383

and truncate. 384

B Optimisation of the SAAP Probing 385

Sample Size 386

To ensure the robustness and efficiency of the 387

SAAP method employed in this study, we con- 388

ducted a preliminary sensitivity analysis to deter- 389

mine the optimal probing sample size. The ob- 390

jective was to identify a value that balances com- 391

putational efficiency with statistical significance, 392

thereby avoiding both under-sampling and unneces- 393

sary resource expenditure. We evaluated the SAAP 394

method across a range of variable sample sizes (e.g. 395

5,10, up to 5000), utilising the Knee Point De- 396

tection method (Kneedle algorithm) to rigorously 397

identify the optimal cutoff point. This statistical 398

approach detects the point of maximum curvature 399

in the performance curve, representing the point of 400

diminishing returns where increasing the sample 401

value yields negligible improvement relative to the 402

cost. 403

As illustrated in Figure 1, the performance curve 404

exhibits a sharp initial decrease in evaluation loss 405

followed by a plateau. Mathematical analysis of 406

the curvature confirmed that the inflection point oc- 407

curs at exactly 100. Consequently, a value of 100 408

was adopted as the standard for all SAAP method- 409

ologies reported in the main text. 410
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Figure 1: Optimisation of the SAAP method using Knee
Point analysis. The plot demonstrates the relationship
between sample size and method performance. The
vertical indicator confirms the statistically determined
knee point at a value of 100, which was selected as the
optimal parameter.

C Selection of Importance Heuristic411

To identify the most effective metric for the SAAP412

method, we evaluated a broad spectrum of im-413

portance heuristics. We tested formulations rang-414

ing from isolated components, specifically raw415

Gradient-only and Activation-only metrics, to hy-416

brid multiplicative combinations, such as Gradient417

× Activation and (Gradient× Activation)4.418

As demonstrated in Figure 2, heuristics that in-419

tegrated both gradient and activation information420

consistently outperformed those relying on a sin-421

gle metric. Upon further analysis of the hybrid422

methods, the Gradient2× Activation formulation423

proved to be the most robust. It exhibited superior424

stability across different samples while yielding425

the highest performance results. Consequently, this426

heuristic was selected as the core metric for the427

SAAP method presented in this work.428

Figure 2: Performance of importance heuristics. Hybrid
methods utilising gradient and activation signals outper-
form single-metric approaches. The Gradient2× Acti-
vation heuristic (labeled grad weighted mul) achieves
the optimal balance of performance and stability.
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