
Rebalancing Token Importance in Language Models with TF-IDF
Weighted Cross-Entropy Loss

Anonymous ACL submission

Abstract001

Large language models are typically trained un-002
der uniform token weighting (Touvron et al.,003
2023; Brown et al., 2020), which allows fre-004
quent and low-information tokens to domi-005
nate learning (Su et al., 2023) and can in-006
crease the tendency to memorize surface-level007
text spans. To address this memorization is-008
sue, we present an information-weighted cross-009
entropy loss that rescales token-level contri-010
butions using TF-IDF statistics, emphasizing011
semantically-informative tokens while down-012
weighting ubiquitous ones. Experiments on013
five decoder-only LLMs ranging from 1.1B to014
13B parameters show consistent reductions in015
memorized substring length across all models,016
while preserving perplexity and downstream017
task performance. The strongest reduction is018
observed for GPT-J 6B, with an average de-019
crease of up to 20% in average substring mem-020
orization length. Our approach is architecture-021
agnostic and can be incorporated into existing022
training pipelines with minimal overhead, sug-023
gesting that token-aware weighting provides a024
lightweight and principled approach to mitigat-025
ing memorization without disrupting standard026
training dynamics.027

1 Introduction028

Large language Models are increasingly deployed029

in domains where reliability, robustness, and data030

stewardship are essential. Yet, their training objec-031

tives still treat all tokens equally, regardless of how032

informative, redundant, or noisy those tokens may033

be. This uniform weighting can misallocate gradi-034

ent updates, leading to overemphasizing frequent035

or low-information patterns while underrepresent-036

ing distinctive or semantically-rich content (Lin037

et al., 2024a). This can result in inefficient learn-038

ing, leading to overfitting, memorization, or limited039

generalization (Carlini et al., 2022).040

Existing interventions to address these issues041

range from pre-training data deduplication to post-042

hoc methods such as unlearning or model edit- 043

ing (Kandpal et al., 2022). These approaches of- 044

ten require costly global pre-computation, rely on 045

privacy-preserving objectives that degrade utility 046

(such as Differential Privacy), or may compromise 047

downstream performance by removing data en- 048

tirely. We instead focus on the online training ob- 049

jective itself: reshaping how the gradient signal 050

is distributed across tokens in real-time. By intro- 051

ducing token-aware weighting, models can learn 052

to prioritize linguistically meaningful information 053

while de-emphasizing redundant or noisy patterns 054

without the need for data filtering. 055

We propose a TF-IDF-weighted cross-entropy 056

loss that rescales token-level gradients using lexical 057

statistics from the training corpus. The method up- 058

weights tokens that are distinctive within context 059

and down-weights those that are globally ubiqui- 060

tous. Meanwhile, we retain supervision for all 061

tokens, preserving coherent sequence modeling 062

while reducing the incentive to memorize surface 063

forms. The design is straightforward, architecture- 064

agnostic, and readily integrates into existing train- 065

ing pipelines. 066

We evaluate this technique across five pretrained 067

decoder-only LLMs ranging from 1.1B to 13B pa- 068

rameters. Empirically, the TF-IDF-weighted loss 069

preserves perplexity and downstream performance 070

on summarization and question answering, while 071

consistently reducing substring-level memorization 072

and ROUGE-L across all models. The magnitude 073

of the reduction varies by model scale, with larger 074

models exhibiting more pronounced decreases in 075

memorized substring length. Together, these results 076

indicate that token-aware objectives provide an ef- 077

ficient and principled means of mitigating mem- 078

orization without altering model architectures or 079

standard training procedures. 080
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2 Related Work081

2.1 Memorization and Generalization in082

Large Language Models083

LLMs are known to verbatim memorize portions084

of their training data (Carlini et al., 2019, 2021).085

Prior research has established various metrics to086

quantify this phenomenon, most notably exposure087

and Longest Memorized Substring (LMS) (Yeom088

et al., 2018; Kandpal et al., 2022). Recent con-089

trolled studies suggest that such memorization is090

not merely a byproduct of model capacity, but is091

closely tied to the frequency of sequence repeti-092

tion and the concentration of gradient updates on093

specific spans during training (Huang et al., 2024).094

Current mitigation strategies typically operate095

at the data level through deduplication and filter-096

ing (Kandpal et al., 2022), at the optimization097

level via differential privacy (Abadi et al., 2016),098

or through post-hoc model unlearning. However,099

these techniques often force a trade-off: they either100

require massive pre-computation (deduplication)101

or significantly degrade the model’s downstream102

utility and reasoning capabilities.103

2.2 Regularization and Alternative Training104

Objectives105

Parallel to data-centric approaches, a broad line106

of work seeks to mitigate overfitting by constrain-107

ing model capacity or softening the training objec-108

tive. Classical techniques such as weight decay109

and dropout (Krogh and Hertz, 1991; Nitish, 2014)110

have been adapted for large transformers through111

methods like mixout or stochastic depth (Lee et al.,112

2019; Huang et al., 2016). Additionally, entropy113

regularization (Pereyra et al., 2017) and label114

smoothing discourage overconfidence by prevent-115

ing the model from assigning total probability mass116

to a single token.117

While effective at improving general robustness,118

these methods operate primarily at the model or119

sequence level. They treat the loss landscape as120

uniform, without accounting for the fact that some121

tokens are inherently more prone to memorization122

than others. Our TF-IDF approach is orthogonal to123

these techniques. While regularization constrains124

how a model learns, our method rebalances what125

the model prioritizes on learning.126

2.3 Token-Weighted and Reweighted Loss 127

Functions 128

Recent work has explored modifying the loss func- 129

tion to assign non-uniform importance across to- 130

kens or examples. Focal loss (Lin et al., 2017) 131

down-weights easy examples in classification tasks 132

to address class imbalance. MiLe Loss (Su et al., 133

2023) reweights tokens according to the model’s 134

prediction entropy, emphasizing uncertain (hard-to- 135

learn) tokens. Selective Language Modeling (Lin 136

et al., 2024b) computes token-utility scores using a 137

reference model and trains only on high-utility to- 138

kens, improving data efficiency. Bilevel and meta- 139

reweighting methods (Ren et al., 2018; Pan et al., 140

2024) learn example weights dynamically to op- 141

timize downstream validation performance. To- 142

gether, these works demonstrate the growing inter- 143

est in weighting strategies that better align gradient 144

updates with token informativeness. 145

In contrast to these methods, which primarily 146

rely on dynamic model-dependent metrics or aux- 147

iliary reference models, our TF-IDF objective uti- 148

lizes static corpus statistics to establish token im- 149

portance. This provides a computationally efficient 150

and linguistically principled alternative that targets 151

the inherent informational density of language with- 152

out the overhead of secondary models or iterative 153

meta-optimization. 154

3 TF-IDF Weighted Loss 155

Standard autoregressive language models are 156

trained using the Maximum Likelihood Estima- 157

tion (MLE) objective. For a sequence of tokens 158

X = (x1, x2, . . . , xL), the standard cross-entropy 159

(CE) loss L(θ) is defined as: 160

L(θ) = − 1

L

L∑
i=1

logPθ(xi | x<i) (1) 161

where: 162

• θ represents the trainable parameters of the 163

language model; 164

• L denotes the total number of tokens in the 165

input sequence; 166

• xi is the i-th token in the sequence; 167

• x<i represents the prefix sequence 168

(x1, . . . , xi−1) preceding the target token; 169
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Colored tokens   :

Einstein developed the theory of relativity to explain how gravity affects 
space and time. Relativity showed that massive objects like planets bend 
spacetime, causing gravity to influence the motion of stars and light.

High TF, High IDF Underlined tokens: High TF, Low IDF
Figure 1: Illustration of TF-IDF weights applied to a short paragraph. Informative tokens such as relativity, and
gravity receive higher weights, while common words like the and and are de-emphasized.

• Pθ(xi | x<i) is the conditional probability170

of token xi predicted by the model given the171

preceding context.172

We propose a TF-IDF-weighted cross-entropy173

objective that retains supervision on every token174

but rescales each term in the objective by a token-175

specific weight wi:176

LTF-IDF(θ) = − 1

L

L∑
i=1

wi logPθ(xi | x<i) (2)177

3.1 Buffer-Averaged TF-IDF Statistics178

Weights wi are computed using local TF and179

smoothed IDF estimated over an accumulation180

buffer of K = 16 mini-batches (N = B × K181

sequences). This buffer size is specifically cho-182

sen to balance re-weighting aggressiveness with183

statistical stability. Increasing N widens the IDF184

gap between ubiquitous stop words (df ≈ N ) and185

unique keywords (df = 1), effectively shifting186

more gradient mass toward informative tokens. We187

find K = 16 provides a sufficiently large window188

to invoke the Law of Large Numbers for robust189

frequency estimation, significantly reducing the190

variance of single-batch statistics without the com-191

putational overhead of global pre-computation.192

Term Frequency (TF). For a sequence X =193

(x1, . . . , xL), the term frequency tfi of the token194

at position i is defined by counting all positions in195

the sequence where the token matches xi:196

tfi = |{j ∈ {1, . . . , L} : xj = xi}| (3)197

where j iterates through all possible positions198

1, . . . , L in the sequence. This count reflects the199

local density of a token within a specific document200

or context window.201

Document Frequency (DF). For the accumula-202

tion buffer containing N sequences, the document203

frequency of a token v is the number of sequences 204

in the buffer in which v appears at least once: 205

df(v) =

N∑
n=1

I(v ∈ X(n)) (4) 206

where I(·) is the indicator function and X(n) is the 207

n-th sequence in the buffer. 208

Inverse Document Frequency (IDF). We use a 209

smoothed version of the IDF formula adapted for 210

the buffer size N to prevent numerical instability 211

and ensure weights remain positive (Schütze et al., 212

2008): 213

idf(v) = log

(
1 +N

1 + df(v)

)
+ 1 (5) 214

The constant +1 ensures that even tokens appearing 215

in every sequence of the buffer retain a non-zero 216

contribution to the loss. 217

Weight Normalization. To prevent the weighted 218

objective from shifting the global gradient scale, 219

we first compute raw weights w′
i = tfi · idf(xi). 220

These are then normalized to a unit mean across all 221

non-padding tokens in the mini-batch: 222

wi =
w′
i

1
M

∑M
j=1w

′
j

(6) 223

where M is the total number of valid (non-masked) 224

tokens in the mini-batch and j indexes these tokens 225

to compute the batch-wide average of raw weights. 226

This ensures that E[w] = 1, allowing the use of 227

standard learning rates while still prioritizing infor- 228

mative tokens during backpropagation. 229

3.2 Weighting Dynamics 230

Consider a mini-batch of paragraphs drawn from di- 231

verse domains. In a sequence discussing scientific 232

theory, tokens such as relativity and gravity exhibit 233

high TF within that specific context yet remain un- 234

common across other sequences in the buffer (low 235
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DF). These tokens therefore receive higher TF-IDF236

weights, compelling the model to prioritize their237

precise prediction. By contrast, function words238

such as the and and, along with punctuation, occur239

in nearly every sequence (high DF) and are con-240

sequently down-weighted. The effect is to shift241

gradient mass toward lexically and semantically242

meaningful content rather than ubiquitous syntac-243

tic filler.244

In noisy datasets, tokens that appear only once245

with no contextual reinforcement—such as mis-246

spellings, URLs, or formatting symbols—have247

both low TF and low DF, yielding modest overall248

weight. This design is intended to suppresses spu-249

rious tokens while emphasizing distinctive lexical250

content that recurs meaningfully across contexts.251

Under such conditions, the weighting naturally Un-252

like token-dropping methods that remove supervi-253

sion on a subset of targets, the TF-IDF-weighted254

objective retains all tokens in the loss, preserving255

full-sequence context modeling while rebalancing256

gradient contributions.257

4 Experimental Setup258

We evaluate whether a TF-IDF-weighted cross-259

entropy objective improves learning dynamics by260

rebalancing token-level gradients, leading to more261

robust generalization and reduced memorization.262

Below we describe the models, datasets, and task-263

specific evaluations used in our analysis.264

4.1 Models265

We assess five commonly used decoder-only LLMs266

spanning 1.1B–13B parameters:267

• TinyLLaMA 1.1B (Zhang et al., 2024): a268

compact LLaMA-style model designed for269

efficiency and fast experimentation; widely270

used as a small-scale proxy for larger LLaMA271

models.272

• Pythia 1.4B (Biderman et al., 2023): part273

of the Pythia suite trained on The Pile, with274

transparent checkpoints across scales; a stan-275

dard benchmark for studying memorization276

and scaling trends.277

• GPT-J 6B (Wang and Komatsuzaki, 2021): a278

6B-parameter transformer trained on The Pile;279

an early, widely adopted open LLM balancing280

capability and accessibility.281

• LLaMA-2 7B (Touvron et al., 2023): a 282

second-generation LLaMA model trained on 283

2T tokens with improved efficiency and per- 284

formance; a strong mid-size open foundation 285

model. 286

• LLaMA-2 13B (Touvron et al., 2023): the 287

larger sibling of LLaMA-2 7B, offering 288

stronger generalization and reasoning ability. 289

This range enables testing generalization of our 290

method across model scales. We do not include 291

smaller models, as they often produce outputs too 292

short or simplistic for meaningful memorization 293

and downstream evaluation. 294

4.2 Parameter-Efficient Fine-Tuning 295

We start from publicly released pretrained check- 296

points for all models. Rather than updating all 297

parameters during continued pretraining or down- 298

stream fine-tuning, we adopt Low-Rank Adaptation 299

(LoRA) (Hu et al., 2022) as our standard method. 300

LoRA inserts trainable low-rank matrices into the 301

attention projection layers while freezing the orig- 302

inal weights. In our experiments, we specifically 303

target the query, key, value, and output projection 304

matrices. 305

We use LoRA primarily for efficiency across 306

1.1B–13B models since full fine-tuning would be 307

prohibitively expensive in compute and time. Prior 308

work shows that LoRA can match or exceed full 309

fine-tuning on language modeling and downstream 310

tasks (Hu et al., 2022; Dettmers et al., 2023; Lialin 311

et al., 2023). In practice, we implement LoRA via 312

the Hugging Face PEFT library, with 4-bit quanti- 313

zation for LLaMA-2 experiments. 314

4.3 Evaluation Categories and Datasets 315

We evaluate across four categories—Memorization, 316

Perplexity, Summarization, and Question Answer- 317

ing—using our TF-IDF-weighted cross-entropy 318

and a standard CE baseline. For a given model, 319

training and decoding protocols are identical across 320

conditions, with the loss being the only difference. 321

All generation-based evaluations use deterministic 322

greedy decoding (temperature = 0; no sampling). 323

Memorization. To evaluate verbatim recall, we 324

adopt the controlled injection framework utilized 325

by Huang et al. (2024) to study memorization 326

in modern LLMs. We construct a training cor- 327

pus consisting of 20,000 base sequences from 328

the Pile-uncopyrighted dataset (Gao et al., 2020), 329
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Table 1: Memorization Metrics across Models and Objectives. Comparison between standard cross-entropy (CE)
and TF-IDF-weighted cross-entropy. For all reported metrics, lower values indicate superior mitigation of verbatim
recall. Substring metrics quantify the length of partial sequences recovered from the training set, while prefix
matches represent exact recall triggered by the start of a sequence. All metrics are averaged across prefix lengths
P = {32, 50, 100}. Note that prefix matches remained negligible and no full sequence matches were recorded
under any configuration.

Model Objective Avg Prefix Max Prefix Avg Substring Max Substring ROUGE-L

TinyLLaMA 1.1B
CE 0.00 0 3.23 10 17.5

TF-IDF 0.00 0 3.22 10 17.1

Pythia 1.4B
CE 0.00 1 2.88 9 17.54

TF-IDF 0.00 1 2.70 9 17.31

GPT-J 6B
CE 0.00 0 4.46 21 20.3

TF-IDF 0.00 0 3.55 10 19.2

LLaMA-2 7B
CE 0.00 0 3.78 14 18.9

TF-IDF 0.00 0 3.39 10 17.7

LLaMA-2 13B
CE 0.00 0 4.13 14 19.8

TF-IDF 0.00 0 3.52 10 18.4

into which we inject 100 target sequences from330

WikiText-2 (Merity et al., 2016). Each target se-331

quence is repeated 10 times at random positions to332

simulate data duplication. We initialize from pre-333

trained checkpoints and train for one epoch using334

LoRA with a block size of 256.335

At evaluation time, we probe the model’s recall336

using prefix lengths P = {32, 50, 100} tokens. For337

a given p ∈ P , the model is conditioned on the338

first p tokens and asked to continue. We evaluate339

checkpoints saved at 10%, 25%, 50%, 75%, 100%340

of training progress.341

For each (sequence, p) pair, we compare the342

generated continuation to the ground-truth contin-343

uation using three three metrics where lower val-344

ues indicate less memorization: (i) Longest prefix345

match length: consecutive token matches from the346

start of the continuation; (ii) Longest Matching347

Substring (LMS: the maximum exact token sub-348

sequence shared by generation and ground truth;349

and (iii) ROUGE-L (Lin, 2004): broader structural350

similarity.351

Perplexity. We assess language modeling qual-352

ity via token-level perplexity on an unseen corpus.353

All checkpoints here are the same models used in354

the memorization setup: public pretrained weights355

fine-tuned with LoRA on Pile-uncopyrighted with356

injections drawn from the WikiText-2 train split.357

Perplexity is measured on the WikiText-2 validation358

split, which is disjoint from the injected training359

data. We tokenize the entire validation set, concate-360

nate tokens, and form non-overlapping blocks of361

length B+1 with B=256. With inputs x1:B and 362

labels x2:B+1, perplexity is 363

PPL = exp

(
1

|D|
∑
t∈D

− logPθ

(
xt
∣∣x<t

))
, 364

where D indexes all evaluated token positions (all 365

next-token predictions across all blocks). This pro- 366

tocol isolates generalization to unseen data while 367

holding the training setup fixed across models and 368

loss variants. 369

Summarization. To evaluate downstream util- 370

ity, we fine-tune models on the CNN/DAILYMAIL 371

v3.0.0 train split and evaluate on the validation 372

set (Hermann et al., 2015). We use an instruction- 373

style prompt (“summarize: ”) to elicit sum- 374

mary highlights. We quantify quality using: (i) 375

ROUGE-1/2/L (Lin, 2004) for lexical and structural 376

n-gram overlap; and (ii) BERTScore-F1 (Zhang 377

et al., 2019), which uses contextual embeddings 378

to capture semantic similarity beyond exact token 379

matches. 380

Question Answering. We evaluate extractive QA 381

on SQUAD v1.1 (Rajpurkar et al., 2016) by fine- 382

tuning on the train split and evaluating on valida- 383

tion. Models are presented with a context passage 384

and a question and must generate a short answer 385

span. We report: (i) Exact Match (EM), requiring 386

character-level identity with the ground truth; and 387

(ii) F1 Score, measuring the word-level overlap 388

between predicted and reference answers. 389
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(a) Smaller models: TinyLLaMA 1.1B and Pythia 1.4B.
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(b) Larger models: GPT-J 6B and LLaMA-2 7B/13B.

Figure 2: Average substring match length versus training progress under standard cross-entropy (CE) and TF-IDF-
weighted objectives. Subfigure (a) shows smaller models; subfigure (b) shows mid- and large-scale models where
the gap between standard CE and TF-IDF loss gap widens.

5 Does TF-IDF-Weighted Loss Reduce390

Memorization?391

Table 1 and Figure 2 summarize the observed mem-392

orization behavior under standard cross-entropy393

(CE) and TF-IDF-weighted objectives. We report394

the average and LMS between generated continua-395

tions and injected sequences, alongside ROUGE-L396

scores to capture broader structural similarity and397

partial verbatim recall. Across all models, prefix398

and full-sequence matches remain near zero, indi-399

cating that no model reproduced entire passages400

verbatim.401

For smaller models, the reduction in memoriza-402

tion is modest but consistent. TinyLLaMA 1.1B403

shows a slight decrease in average LMS (3.23 to404

3.22), while Pythia 1.4B exhibits a clearer reduc-405

tion from 2.88 to 2.70. These trends are mirrored406

in the ROUGE-L scores, which decrease from 17.5407

to 17.1 for TinyLLaMA and from 17.54 to 17.31408

for Pythia, confirming that the TF-IDF objective409

suppresses structural replication even at smaller410

scales.411

Larger models demonstrate more pronounced412

shifts in memorization behavior. GPT-J 6B’s aver-413

age LMS decreases by over 20%—from 4.46 under414

CE to 3.55 with TF-IDF weighting—while its max-415

imum memorized span is halved from 21 tokens416

to 10. Similarly, LLaMA-2 7B and 13B both show417

substantially lower average substring matches and a418

consistent reduction in maximum spans from 14 to419

10 tokens. This significant mitigation is further val-420

idated by the ROUGE-L metrics, where LLaMA-2421

13B drops from 19.8 to 18.4 and GPT-J 6B drops422

from 20.3 to 19.2. The growing differences in423

ROUGE-L scores as parameters increase suggests424

that token-aware weighting becomes increasingly 425

effective at disrupting the rote reproduction pat- 426

terns that typically emerge in higher-capacity mod- 427

els. 428

These patterns are also evident in the training 429

trajectories shown in Figure 2. Across all scales, 430

TF-IDF-weighted training consistently produces 431

lower LMS than standard cross-entropy at every 432

checkpoint. Importantly, the two objectives fol- 433

low closely aligned trajectories over training, in- 434

dicating that TF-IDF weighting does not substan- 435

tially change how memorization evolves over time. 436

Rather than altering the growth behavior itself, 437

TF-IDF introduces a consistent downward shift in 438

memorization throughout training. 439

As shown in Figure 2b, this offset persists into 440

later training stages for larger models, where mem- 441

orization under CE continues to increase while TF- 442

IDF remains uniformly lower. The resulting gap 443

reflects a sustained reduction in the extent of mem- 444

orized substrings, rather than a change in the rate 445

at which memorization accumulates. 446

Overall, these results indicate that the TF-IDF- 447

weighted objective mitigates partial memorization 448

by lowering substring-level recall across training, 449

without modifying model architecture or disrupt- 450

ing optimization behavior. The consistent separa- 451

tion between CE and TF-IDF curves across model 452

scales supports the hypothesis that token-aware 453

weighting discourages rote reproduction of train- 454

ing content while maintaining comparable training 455

dynamics. 456
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Table 2: Perplexity on the WikiText-2 validation set for
models fine-tuned with standard cross-entropy (CE) and
TF-IDF-weighted objectives. Lower is better.

Model CE ↓ TF-IDF ↓

TinyLLaMA 1.1B 25.58 23.59
Pythia 1.4B 17.23 18.36
GPT-J 6B 18.80 17.59
LLaMA-2 7B 10.86 10.65
LLaMA-2 13B 10.35 10.28

6 Impact on Language Modeling and457

Downstream Performance458

6.1 Perplexity459

Table 2 reports token-level perplexity on the460

WIKITEXT-2 validation set for models fine-tuned461

under CE and TF-IDF-weighted objectives. Across462

most models, TF-IDF weighting achieves compa-463

rable or slightly lower perplexity (reflecting better464

generalization to unseen data), indicating that the465

modified objective does not impair next-token pre-466

diction quality. In several cases, it provides small467

improvements: GPT-J 6B shows a reduction from468

18.80 to 17.59, and TinyLLaMA 1.1B decreases469

from 25.58 to 23.59.470

LLaMA-2 models also show mild gains, with471

LLaMA-2 7B improving from 10.86 to 10.65 and472

LLaMA-2 13B improving from 10.35 to 10.28.473

Only Pythia 1.4B records a minor increase (17.23474

to 18.36), which is within expected variance for475

models of that scale.476

Overall, these results suggest that TF-IDF477

reweighting can reduce memorization without de-478

grading the model’s language modeling ability. Per-479

plexity remains stable or slightly improved across480

architectures and scales, supporting the view that481

the approach maintains fluency and predictive per-482

formance while altering loss emphasis.483

6.2 Summarization484

Table 3 reports summarization performance on the485

CNN/DAILYMAIL validation set, comparing the486

proposed TF-IDF objective against the CE base-487

line. Across the evaluated models, performance re-488

mains stable, with the TF-IDF-weighted loss yield-489

ing scores that are nearly indistinguishable from490

the standard objective. For instance, LLaMA-2491

7B achieves near-identical results (33.0 vs. 32.9492

R1), and both Pythia 1.4B and GPT-J 6B exhibit493

marginal gains, with GPT-J 6B improving from494

28.5 to 29.0 in R1 and from 16.2 to 16.5 in R2.495

While models like TinyLLaMA 1.1B and LLaMA- 496

2 13B show slight fluctuations of approximately 497

0.2–0.5 points, these differences are negligible in 498

the context of overall generation quality. 499

Although n-gram overlap metrics such as 500

ROUGE are limited proxy for the abstractive qual- 501

ity of a summary (Bhandari et al., 2020), the con- 502

sistency of ROUGE alongside BERTScore-F1 val- 503

ues serves as a strong indicator that the proposed 504

weighting does not disrupt the model’s underlying 505

generation dynamics. This stability across vary- 506

ing architectures and parameter scales supports the 507

conclusion that our objective effectively reduces 508

memorization without compromising the model’s 509

fundamental ability to synthesize and extract infor- 510

mation. 511

6.3 Question Answering 512

Table 4 presents results on the SQUAD V1.1 val- 513

idation set for models fine-tuned under standard 514

cross-entropy (CE) and TF-IDF-weighted objec- 515

tives. The TF-IDF variant achieves performance 516

comparable to the CE baseline across all model 517

scales. Differences in Exact Match (EM) and F1 518

are small—typically within 1.5% indicating that 519

the modified loss does not compromise extractive 520

reasoning or span prediction ability. 521

For smaller models, the effect of TF-IDF weight- 522

ing is mixed: TinyLLaMA 1.1B shows a slight 523

decrease in EM but a modest improvement in F1, 524

while Pythia 1.4B yields near-identical scores un- 525

der both settings. Larger models maintain strong 526

accuracy, with LLaMA-2 13B achieving 94.52 F1 527

compared to 95.04 under CE. 528

Overall, TF-IDF weighting preserves down- 529

stream QA performance. The comparable EM and 530

F1 scores suggest that the approach does not hinder 531

factual recall or answer extraction, supporting its 532

use as a lightweight alternative to unmodified CE 533

training. 534

7 Future Work 535

Broadening Privacy Evaluation: An essential 536

direction is extending the evaluation beyond exact- 537

match metrics. Complementary analyses using 538

paraphrase detection or adversarial extraction could 539

provide a deeper understanding of how token-aware 540

objectives mitigate privacy-related risks beyond 541

surface-level recall. Such studies would clarify if 542

the observed shift in memorization behavior trans- 543

lates to enhanced robustness against more sophisti- 544
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Table 3: Summarization performance on the CNN/DAILYMAIL validation set under standard cross-entropy (CE)
and TF-IDF-weighted objectives. Higher is better.

Model ROUGE-1 ROUGE-2 ROUGE-L BERTScore-F1

CE TF-IDF CE TF-IDF CE TF-IDF CE TF-IDF

TinyLLaMA 1.1B 32.4 31.9 13.5 13.3 24.3 24.0 88.0 87.6
Pythia 1.4B 28.5 28.7 16.2 16.3 20.7 20.8 84.8 84.8
GPT-J 6B 28.5 29.0 16.2 16.5 20.7 20.9 84.9 84.9
LLaMA-2 7B 32.9 33.0 18.6 18.6 23.9 23.9 84.4 84.4
LLaMA-2 13B 28.3 28.1 15.0 14.8 20.3 20.3 83.9 83.9

Table 4: Question answering performance on the SQUAD V1.1 validation set under standard cross-entropy (CE)
and TF-IDF-weighted objectives. Higher is better.

Model Exact Match (%) F1 (%)

CE TF-IDF CE TF-IDF

TinyLLaMA 1.1B 24.63 23.91 47.88 48.38
Pythia 1.4B 54.59 54.26 73.92 74.24
GPT-J 6B 57.51 56.48 77.81 77.40
LLaMA-2 7B 88.61 87.46 94.41 94.10
LLaMA-2 13B 89.33 87.92 95.04 94.52

cated data recovery attacks.545

Mechanistic Analysis of Optimization: Build-546

ing on the observed perplexity improvements in547

several models, future research should investi-548

gate how lexical re-weighting interacts with the549

heavy-tailed nature of natural language distribu-550

tions. Specifically, analyzing TF-IDF weighting551

as a form of importance sampling could clarify552

how it reduces gradient noise from ubiquitous, low-553

information tokens.554

Pretraining and Domain Adaptation: Investi-555

gating the effects of applying token-aware objec-556

tives from random initialization and across spe-557

cialized corpora (e.g., medical or legal datasets)558

remains a high-priority question. Because domain559

shifts fundamentally alter lexical distributions, fu-560

ture work should explore adaptive IDF strategies.561

Additionally, examining whether a curriculum-562

based introduction of token weights can optimize563

the trade-off between early-stage syntactic acquisi-564

tion and late-stage semantic refinement is a promis-565

ing path forward.566

8 Conclusion567

In this work, we addressed the phenomenon of ver-568

batim memorization in LLMs by challenging the569

standard practice of uniform token weighting dur-570

ing training. We introduced a TF-IDF-weighted571

cross-entropy objective that rebalances the learning572

signal according to lexical information density, ef- 573

fectively prioritizing semantically rich tokens over 574

high-frequency, low-entropy ones. 575

Our experiments across five decoder-only LLMs, 576

ranging from 1.1B to 13B parameters, demon- 577

strate that this re-weighting consistently mitigates 578

memorization—specifically reducing the Longest 579

Memorized Substring and ROUGE-L—without 580

compromising linguistic fluency or downstream 581

performance on summarization and question- 582

answering tasks. Crucially, longitudinal probing 583

reveals that TF-IDF weighting does not merely de- 584

lay the onset of memorization but induces a stable 585

downward shift in the model’s capacity for rote re- 586

production throughout the entire training trajectory. 587

The TF-IDF-weighted objective is architecture- 588

agnostic and introduces negligible computational 589

overhead, making it directly applicable to stan- 590

dard training pipelines. These findings demonstrate 591

that principled adjustments to the loss function can 592

shift model learning away from rote memorization. 593

This approach offers a scalable, lightweight strat- 594

egy for developing more data-efficient and privacy- 595

preserving language models, highlighting the po- 596

tential of token-aware objectives to improve the 597

fundamental learning dynamics of LLMs. 598

8



Code and Data Availability599

The implementation of the TF-IDF Weighted600

Trainer and experimental scripts are available at:601

https://github.com/anonymoussub1431/602

tfidf-loss603

Limitations604

Our work has several limitations that provide con-605

text for our findings and suggest directions for fu-606

ture research.607

Evaluation Scope and Metrics: While our608

evaluation follows the established research stan-609

dard of measuring verbatim exact-match recall as a610

proxy for memorization (Carlini et al., 2019; Huang611

et al., 2024), our analysis focuses primarily on ver-612

batim exact-match behavior. We prioritize these613

metrics as they represent the most direct risk for614

data privacy and copyright infringement. However,615

this scope does not encompass all manifestations616

of memorization, such as semantic paraphrasing617

(where meaning is recalled without exact token618

overlap) or vulnerabilities to sophisticated adversar-619

ial prompting techniques designed to maliciously620

extract training data.621

Training Dynamics and Syntactic Coherence:622

All experiments were conducted using parameter-623

efficient fine-tuning (LoRA) on pretrained models624

rather than training from scratch. While this re-625

flects common practice, it does not capture how the626

TF-IDF-weighted objective might influence early627

training dynamics or random initialization. Fur-628

thermore, because we fine-tune models that are629

already pretrained, they possess a strong existing630

foundation of syntactic coherence. It remains un-631

clear whether consistently down-weighting ubiqui-632

tous tokens—such as function words and punctua-633

tion—might hinder the acquisition of basic gram-634

matical fluency if the TF-IDF objective were ap-635

plied during initial pretraining.636

Hardware and Context Constraints: Our eval-637

uation utilized a block size of 256 tokens due638

to hardware constraints, specifically the memory639

limits of a single DGX A100 node during multi-640

model fine-tuning. Although this length is suffi-641

cient to capture many common verbatim memo-642

rization patterns, it may not fully reflect how TF-643

IDF weighting influences long-range dependencies644

or document-level memorization in models utiliz-645

ing larger context windows (e.g., 2,048 tokens or646

more).647

Ethics Statement 648

This work adheres to the ACL Ethics Policy. 649

Our experiments utilize publicly available datasets 650

(CNN/DailyMail, SQuAD, and WikiText-2) in ac- 651

cordance with their intended research use. By 652

proposing a loss function that reduces verbatim 653

memorization, this research aims to enhance the 654

privacy and safety of LLMs. 655

AI Usage Disclosure 656

The authors used ChatGPT-5 to assist in the lin- 657

guistic polishing and grammatical refinement of 658

this manuscript to improve clarity and readabil- 659

ity. Additionally, the same tool was used to as- 660

sist in debugging the custom Python scripts used 661

for the TF-IDF weighted loss implementation and 662

the memorization evaluation pipeline. The core 663

research objectives, the mathematical derivation 664

of the buffer-averaged TF-IDF loss function, the 665

experimental design, and the interpretation of all re- 666

sults were performed solely by the human authors. 667
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