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Abstract001

Language model (LM) probability is not a re-002
liable quality estimator, as natural language is003
ambiguous. When multiple output options are004
valid, the model’s probability distribution is005
spread across them, which can misleadingly in-006
dicate low output quality. This issue is caused007
by two reasons: (1) LMs’ final output activa-008
tion is softmax, which does not allow multiple009
correct options to receive high probabilities si-010
multaneuously and (2) LMs’ training data is011
single, one-hot encoded references, indicating012
that there is only one correct option at each013
output step. We propose training a module014
for Quality Estimation on top of pre-trained015
LMs to address these limitations. The module,016
called Sigmoid Head, is an extra unembedding017
head with sigmoid activation to tackle the first018
limitation. To tackle the second limitation, dur-019
ing the negative sampling process to train the020
Sigmoid Head, we use a heuristic to avoid se-021
lecting potentially alternative correct tokens.022
Our Sigmoid Head is computationally efficient023
during training and inference. The probability024
from Sigmoid Head is notably better quality025
signal compared to the original softmax head.026
As the Sigmoid Head does not rely on human-027
annotated quality data, it is more robust to out-028
of-domain settings compared to supervised QE.029

1 Introduction030

Quality Estimation (QE) is the task of providing a031

score estimation of the model output quality during032

inference when the ground-truth output is not avail-033

able. The most straightforward way is to use model034

probability: it is computationally lightweight, does035

not require any additional modules, as the model036

probability comes for free during generation. How-037

ever, previous works have shown that, for language038

generation tasks, model probability is not a good039

signal of output quality, largely due to the inher-040

ent ambiguity of natural language (Ott et al., 2018;041

Stahlberg and Kumar, 2022; Fadeeva et al., 2024;042

Flores et al., 2025; Dinh and Niehues, 2025). For a 043

given input, multiple outputs can be valid, making 044

the model probability spread out more even when 045

the output is high quality. For convenience, we call 046

this the ambiguity-induced underconfidence issue. 047

Ambiguity-induced underconfidence is partly 048

caused by the architecture and training setup of 049

current language models (LMs). First, the LMs’ 050

final output activation is softmax, which enforces 051

the probabilities of all output options to sum to 052

one. Second, the training target is a single refer- 053

ence that is one-hot encoded, which teaches the 054

model that only one output option is correct. As 055

a result, multiple valid options cannot all receive 056

high probabilities at the same time. 057

We propose to address the above issue as fol- 058

lows: we train an additional unembedding layer 059

(a.k.a. "projection layer" or "LM head") on top 060

of pre-trained LMs to perform Quality Estimation. 061

The output activation of this layer is sigmoid in- 062

stead of softmax, so each output option is modeled 063

independently. We use the same training data used 064

for the original LM to train our module. To address 065

the disadvantage of the single-reference, one-hot 066

encoding setup, we propose a heuristic for negative 067

sampling during training to avoid selecting poten- 068

tially alternative correct tokens as negative. We 069

refer to the module as the Sigmoid Head. 070

In short, our contributions are as follows: 071

• We identify LMs’ architecture and training issues 072

causing ambiguity-induced underconfidence. 073

• We propose a Sigmoid Head 1 on top of pre- 074

trained LMs for Quality Estimation to address 075

these issues. The module is trained on the same 076

data as standard generative training, requires no 077

additional labeled data, and is computationally 078

lightweight during training and inference. 079

• Our experiments show that the probabilities from 080

the Sigmoid Head provide better quality signals 081

1Code submitted as zip file.
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than those from the standard softmax head. More-082

over, since our method does not rely on human-083

labeled quality data for training, it is more ro-084

bust and outperforms the supervised COMET085

Kiwi (Rei et al., 2022) on domain-specific ma-086

chine translation (biomedical). It also outper-087

forms common QE approaches: Monte Carlo Se-088

quence Entropy (Malinin and Gales, 2021; Kuhn089

et al., 2023) and LLM Self Judge.090

2 Background and Motivation091

2.1 Background: Standard LM Training092

Training Objective Text-generation language093

models (LMs) are trained auto-regressively. Given094

an input sequence x = (x1, . . . , x|x|) and095

a previously generated output prefix y<i =096

(y1, . . . , yi−1), the model with parameters θ is097

trained to predict the next token at time step i:098

Pθ(yi | x,y<i)
train−−→ P̂ (yi | x,y<i),099

where the target distribution P̂ is a one-hot vector100

that assigns probability 1 to the single reference to-101

ken and 0 to all others. We exclude label smoothing102

from our explanation for simplicity (See Appendix103

A for more details).104

Model Architecture Most text-generation mod-105

els consist of a transformer (encoder-decoder or106

decoder-only) with parameters θtr, which produces107

a hidden representation hi ∈ Rd at generation108

step i. This (last) hidden state is mapped to109

vocabulary-sized logits zout
i via an unembedding110

head with parameters θout:111

zout
i = Wouthi + bout,112

where Wout ∈ R|V|×d and bout ∈ R|V| (bout is113

optional). A softmax function is then applied to114

obtain a distribution over the vocabulary V:115

Pθ(yi | x,y<i) = softmax(zout
i ),116

where θ = {θtr, θout}.117

2.2 Motivation: Issues of Standard LMs118

Natural language is ambiguous, where there are119

often multiple ways to express the same meaning.120

As a result, there are usually multiple correct out-121

put options at each generation step. The standard122

training above does not faciliate this in two aspects:123

• D1: The softmax function enforces mutual exclu-124

sivity, i.e., probabilities must sum to one. When125

multiple tokens are correct, they cannot all re-126

ceive high probability.127

• D2: Training relies on a single one-hot reference 128

at each step, teaching the model that exactly one 129

token is correct and all others are incorrect. 130

While D1 could be addressed by replacing the 131

final softmax function with sigmoid, D2 remains 132

problematic. To further demonstrate D2, consider 133

the following example where there are 2 samples 134

in a translation training dataset (without loss of 135

generality to other text-generation tasks such as 136

instruction following or language modeling): 137

Input: Ich werde anfangen 138

Output 1: I will begin 139

Output 2: I will start 140

For the same input and output prefix, the model 141

receives conflicting one-hot encoded target super- 142

vision. Sample 1 provides the target: 143

P̂ (yi = “begin” | x,y<i) = 1, 144

P̂ (yi ̸= “begin” | x,y<i) = 0, 145

while Sample 2 provides: 146

P̂ (yi = “start” | x,y<i) = 1, 147

P̂ (yi ̸= “start” | x,y<i) = 0. 148

Sample 1 encourages the model to place all prob- 149

ability mass on “begin” and none on “start”, while 150

Sample 2 does the opposite. If the model assign 151

probability close to 1 to “begin”, the loss will be 152

low for Sample 1 but very high for Sample 2, where 153

“begin” is an incorrect target. Similar argument 154

holds for “start”. To reduce the total loss, the model 155

cannot assign a probability close to 1 to either to- 156

ken. Instead, it must distribute probability mass 157

between them. This applied to both models with 158

softmax final activation and models with sigmoid 159

final activation. See Appendix A for detailed be- 160

havior of the cross entropy loss in this example. 161

Implicit Effect of Ambiguity Language ambi- 162

guity is learned implicitly by language models. As 163

discussed above, when the training data shows that 164

multiple outputs are correct, the model learns to 165

spread probability mass across these tokens. This 166

behavior was also observed by Dinh and Niehues 167

(2025). They show that, specifically for ambigu- 168

ous generation tasks, multiple tokens often receive 169

relatively high probability compared to the remain- 170

ing tokens at each output step. They refer to these 171

tokens as "dominant tokens", which are likely to 172

correspond to valid alternative outputs. They pro- 173

pose a heuristic to identify such tokens. We adopt 174

this idea in our method, described as follows. 175
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Figure 1: Extended language model (LM) architecture with our proposed Sigmoid Head. The weights of the original
components from the LM are kept unchanged. We initialize the Sigmoid Head from the original softmax head, and
train it to predict independent scores for each token in the vocabulary.

3 Proposed: Sigmoid Head for QE176

We propose a lightweight module for Quality Es-177

timation on top of a trained generative model that178

explicitly accounts for ambiguity in the training179

data. The weights θ = {θtr, θout} of the genera-180

tive model are kept unchanged. We introduce an181

additional unembedding head with parameters θqe,182

operating on the same hidden states hi produced by183

the transformer θtr, and trained on the same single-184

reference, one-hot encoded target as the standard185

setup of the original model (Figure 1).186

Sigmoid Instead of Softmax To address the dis-187

advantage D1, for our module, instead of using soft-188

max as the output activation, we use the sigmoid189

function, similar to Noise-Contrastive Estimation190

(NCE) (Mnih and Teh, 2012). We then refer to our191

module as the Sigmoid Head. Concretely, given192

the transformer hidden state hi, the new unembed-193

ding head θqe computes the logits194

z
qe
i = Wqehi + bqe,195

where Wqe ∈ R|V|×d and bqe ∈ R|V| (optional)196

are trainable parameters. An element-wise sigmoid197

function is then applied:198

Pθ′(yi | x,y<i) = σ(z
qe
i )199

where θ′ = {θtr, θqe}.200

Unlike softmax, sigmoid removes the constraint201

that probabilities must sum to one. Multiple tokens202

can simultaneously receive high probability, bet-203

ter matching settings where multiple outputs are204

correct.205

At each output step i, we train the Sigmoid Head 206

to distinguish correct from incorrect tokens, given 207

the one-hot encoded target. Let y∗i denote the sin- 208

gle reference token in the one-hot encoded target. 209

The reference token is treated as a positive example 210

with label 1. Negative examples are sampled from 211

the non-reference tokens in the vocabulary V\{y∗i }. 212

We sample 10 negative tokens, as prior work has 213

shown that this is an effective choice for different 214

tasks (Mikolov et al., 2013, 2018). Negative to- 215

kens are sampled from a configurable distribution. 216

Unless stated otherwise, we use token-frequency- 217

based sampling, where tokens that appear more 218

often in the training data are more likely to be se- 219

lected as negatives. In this way, a token is expected 220

to be selected as a negative as often as it appears 221

as a positive. This balances the training signal and 222

reduces bias toward frequent tokens. In Section 5.2, 223

we evaluate alternative negative sampling strategies 224

and analyze their impact on performance. 225

Ambiguity-Informed Negative Sampling Re- 226

call disadvantage D2, where some non-reference 227

tokens from V \ {y∗i } may be valid output alterna- 228

tives. To reduce the risk of sampling such tokens 229

as negatives, we make use of the observation from 230

Dinh and Niehues (2025): in a trained LM, the to- 231

kens with dominant probability mass in the softmax 232

distribution are likely to be the alternative correct 233

options. We therefore apply their heuristic (See 234

Appendix B for details) to identify the set of domi- 235

nant tokens Di from the original softmax distribu- 236

tion Pθ(yi | x,y<i) = softmax(zout
i ) and exclude 237
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them from negative sampling. Our approach can be238

viewed as a form of implicit knowledge distillation,239

as we are using the knowledge from the pretrained240

transformer θtr and softmax head θout to train our241

new sigmoid head θqe. Formally, during training of242

the sigmoid head, negative samples Ni are drawn243

from244

V \ ({y∗i } ∪ Di) ,245

Intuitively, for potentially correct tokens in Di, the246

learning signal is postponed: the model neither247

learn that they are correct nor incorrect at this step.248

The Sigmoid Head is trained with binary cross-249

entropy loss over the selected samples, consisting250

of the reference token y∗i and the negative samples251

Ni. The loss at output step i is:252

Li = − log pi(y
∗
i )−

∑
v∈Ni

log
(
1− pi(v)

)
,253

where pi(v) is the probability that the Sigmoid254

Head assigned to token v ∈ V at time step i.255

During inference, the output text is generated by256

the original LM components θ = {θtr, θout} with-257

out modification. The Sigmoid Head θqe operates258

in parallel by taking the last hidden states from259

θtr at each generation step and produces a quality260

score for each output token.261

Our Sigmoid Head has several advantages:262

• We use the same training data as standard gener-263

ative modeling and require no extra annotations.264

Since we do not rely on human-annotated quality265

scores, unlike supervised QE, our approach is266

expected to be more robust across domains.267

• Training is computationally efficient thanks to268

negative sampling: at each generation step, the269

loss is computed over the reference token and a270

small set of sampled negative tokens, rather than271

over the full vocabulary. Consequently, only the272

corresponding rows of the unembedding matrix273

are updated. This efficiency is similar to NCE,274

although in our case it is not the main motivation.275

• Inference is computationally efficient, as the com-276

putation of the final hidden state is shared be-277

tween the softmax head and the Sigmoid Head.278

4 Experimental Setup279

4.1 Models and Training Data280

Details of the language models (LMs) used in our281

paper and their corresponding training data can be282

found in Table 1. We train Transformer Base from283

scratch using the base configuration of Fairseq (Ott284

et al., 2019) on 5M samples of ParaCrawl English- 285

German Machine Translation data, filtered by Bi- 286

cleaner AI (Zaragoza-Bernabeu et al., 2022; de Gib- 287

ert et al., 2024). DeltaLM is finetuned on the same 288

ParaCrawl data. Tower Instruct v2 and OLMo SFT 289

v2 models are taken off the shelves. We experi- 290

ment with adding our Sigmoid Head for Quality 291

Estimation onto these models. More details on our 292

motivation for model choices are in Appendix C. 293

Model Nr. Params Train Data*

Transformer Base 0.062B ParaCrawl en-de 5M
(Ott et al., 2019) (Bañón et al., 2020)
DeltaLM 0.830B ParaCrawl en-de 5M
(Ma et al., 2021) (Bañón et al., 2020)
Tower Instruct v2 7B TowerBlocks v2
(Alves et al., 2024) (Alves et al., 2024)
OLMo SFT v2 1B Tulu 3 SFT
(OLMo et al., 2024) (Lambert et al., 2024)

*: Training data from the last training phase of the model.

Table 1: Models used in our paper, along with their
training data from the last training phase. We use the
same data to train our Sigmoid Heads.

4.2 Test Data and Evaluation 294

We evaluate the Quality Estimation performance 295

of our Sigmoid Head on three different genera- 296

tion tasks: Machine Translation, Paraphrase, and 297

Question Answering. We place more focus on 298

the Machine Translation (MT) task, as MT evalua- 299

tion is more well-studied, with different established 300

data, models, and benchmarks thanks to the WMT 301

Shared Tasks (Kocmi et al., 2024; Freitag et al., 302

2024; Zerva et al., 2024). 303

Machine Translation For MT, we use ParaCrawl 304

and WMT22 test sets for the two self-trained mod- 305

els as they are on the sentence level. We use 306

WMT24 and the domain-specific BioMQM test 307

sets (Zouhar et al., 2024) for the other models. We 308

evaluate two QE settings: using the LM to pro- 309

duce a quality score for its own translation, which 310

we denote as "Eval Self", and using the LM to 311

force-decode other translations and produce quality 312

scores for the other translation, which we denote as 313

"Eval Other". Human quality annotations are used 314

as the ground-truth when available (Eval Other). 315

Otherwise, for Eval Self, we use pseudo ground- 316

truth produced by the reference-based XCOMET 317

(Guerreiro et al., 2024), as Dinh et al. (2024) has 318

shown that reference-based methods are robust 319

enough to rank reference-free QE. We report Pear- 320

son correlation, which measures how the QE scores 321
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linearly correlate with the ground truth quality.322

Other Tasks For paraphrasing, we use the323

PAWS-X dataset (Yang et al., 2019) and evaluate324

both Eval Self and Eval Other settings. For ques-325

tion answering, we use GSM8k (Math domain)326

(Cobbe et al., 2021) and TruthfulQA (generic do-327

main) (Lin et al., 2022) and only evaluate Eval Self.328

For Eval Self, pseudo ground-truth is generated by329

prompting Qwen2.5 72B Instruct (Team, 2024) to330

evaluate whether the model output is correct or not.331

In these tasks, ground-truth or pseudo ground-truth332

labels are binary, thus we report on Binary Cross333

Entropy (BCE) loss, which measures how close334

the QE scores are to the ground-truth binary labels,335

without the need to define a threshold.336

More details on the test sets and choice of lan-337

guage pairs can be found in Appendix D.338

Baselines We compare our approach to the stan-339

dard softmax probability and BoostedProb (Dinh340

and Niehues, 2025). BoostedProb is an ad-341

justed version of the softmax probability, which342

partially addresses ambiguity-induced undercon-343

fidence. Specifically, the tokens with dominant344

probability mass in the softmax distribution are as-345

sumed to be the likely correct output alternatives.346

The confidence of these tokens is then boosted by347

having the total probability mass of the whole dom-348

inant set as the quality score.349

For MT, we use the supervised COMET Kiwi350

(Rei et al., 2022) as an upper baseline, as it is351

trained on human-labeled quality data as opposed352

to our approach. We also compare our approach to353

common unsupervised QE approaches. The first354

one is Monte Carlo sequence entropy (Malinin and355

Gales, 2021; Kuhn et al., 2023), where we sample356

10 output sequences for each input and compute357

sequence-level probability entropy. The second one358

is LLM Self Judge, in which we prompt the model359

to evaluate its own output.360

5 Results and Discussion361

5.1 Overall Performance362

QE performance on self-generated translation363

output (Eval Self) Table 2 shows the QE re-364

sults on self-generated outputs from the Paracrawl,365

WMT22, and WMT24 translation datasets across366

different models and language pairs. Overall, our367

Sigmoid Head consistently outperforms the stan-368

dard softmax head and the BoostedProb baseline.369

In many cases, it still underperforms the supervised370

COMET Kiwi. However, COMET Kiwi results 371

might be biased, as we use XCOMET outputs as 372

the gold quality scores, which belong to the same 373

model family as COMET Kiwi. 374

Softmax Boosted Sigmoid COMET
Head Prob Head Kiwi

TransformerBase
ParaCrawl 0.155 0.235 0.383 0.536
WMT22 en-de 0.199 0.367 0.586 0.722
DeltaLM
ParaCrawl 0.131 0.218 0.403 0.537
WMT22 en-de 0.165 0.291 0.515 0.634
Tower
WMT 24 en-de 0.148 0.414 0.468 0.562
WMT 24 en-fr 0.155 0.370 0.391 0.530
WMT 24 en-es 0.183 0.446 0.415 0.525
WMT 24 en-pt 0.150 0.458 0.472 0.533
WMT 24 en-nl 0.145 0.419 0.513 0.552
WMT 24 en-it 0.154 0.394 0.448 0.588
WMT 24 en-ko 0.165 0.595 0.566 0.626
WMT 24 en-cn 0.160 0.491 0.537 0.500
WMT 24 en-ru 0.176 0.505 0.524 0.625
Olmo
WMT 24 en-de 0.195 0.398 0.606 0.588
WMT 24 en-es 0.209 0.508 0.672 0.613
Best scores are shown as <score>, second best are <score>.

Table 2: QE performance on models’ self-generated
translations (Eval Self) in Pearson Correlation ↑.

QE performance on others’ translation output 375

(Eval Others) The QE results on scoring others’ 376

translations are shown in Table 3. As before, the 377

Sigmoid Head outperforms the standard softmax 378

head and the BoostedProb baseline, but still lags 379

behind the supervised COMET Kiwi model on the 380

WMT test sets. However, COMET Kiwi is trained 381

on in-domain WMT shared task data, which gives 382

it an advantage over our unsupervised approach. 383

This is confirmed by the results on BioMQM, a 384

domain-specific test set, where our method gener- 385

ally outperforms COMET Kiwi, indicating better 386

robustness on out-of-domain settings. 387

Our approach also works on providing QE scores 388

on the word level, allowing DeltaLM to outperform 389

supervised QE. Details are in Appendix E. 390

QE performance on paraphrasing and question 391

answering Table 4 shows the QE performance 392

on tasks other than translations: paraphrasing and 393

question answering. Our Sigmoid Head consis- 394

tently outperforms Softmax Head and BoostedProb 395

across different languages and test sets. 396

Comparison to common QE approaches Ta- 397

ble 5 compares the QE performance of our Sig- 398

moid Head with Monte Carlo Sequence Entropy 399
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and LLM Self Judge. Monte Carlo Sequence En-400

tropy is usually computed from log probabilities401

produced by the standard softmax head. We also402

report a variant that uses log probabilities from403

our Sigmoid Head. Overall, our Sigmoid Head404

consistently outperforms both the standard Monte405

Carlo Sequence Entropy baseline and the LLM406

Self Judge baseline. The Monte Carlo Sequence407

Entropy variant based on the Sigmoid Head either408

slightly degrades performance or gives negligible409

improvement over using the Sigmoid Head alone,410

while being more expensive because it requires411

multiple sampled sequences. LLM Self Judge per-412

forms poorly in most cases. This is because Tower413

is a specialized model that is not trained for gen-414

eral LLM-as-a-Judge tasks beyond machine trans-415

lation evaluation, and OLMo lacks strong LLM-416

as-a-Judge capability due to its small size. The417

only exception is Tower Self Judge on the WMT24418

translation data, since the model is trained for this419

task. These results highlight a limitation of LLM420

Self Judge: it does not work well in general un-421

less the model is sufficiently large and not overly422

specialized for a small set of tasks.423

Softmax Boosted Sigmoid COMET
Head Prob Head Kiwi

TransformerBase
WMT 22 en-de 0.076 0.131 0.166 0.365

DeltaLM
WMT 22 en-de 0.081 0.141 0.201 0.365

Tower
WMT 24 en-de 0.094 0.215 0.272 0.349
WMT 24 en-es 0.056 0.170 0.230 0.429
WMT 24 en-zh 0.011 0.114 0.161 0.385
WMT 24 en-ru 0.072 0.180 0.205 0.345
Average 0.058 0.170 0.217 0.377

BioMQM en-pt 0.067 0.214 0.263 0.078
BioMQM en-es 0.150 0.300 0.314 0.150
BioMQM en-fr 0.145 0.364 0.369 0.238
BioMQM en-de 0.114 0.450 0.441 0.194
BioMQM en-it 0.093 0.343 0.268 0.235
BioMQM en-zh 0.055 0.223 0.316 0.274
BioMQM en-ru 0.065 0.301 0.300 0.207
Average 0.098 0.314 0.325 0.197
Best scores are shown as <score>, second best are <score>.

Table 3: QE performance when forced-decoding on
other translations (Eval Others) in Pearson ↑.

5.2 Effect of Negative Sampling Strategies424

We perform an ablation study to see how different425

negative sampling strategies affect the QE perfor-426

mance of the Sigmoid Head. We run these exper-427

Mode Model Lang. Softmax Boosted Sigmoid
Head Prob Head

Paraphrasing (Pawsx)
Eval Self Tower en 11.668 1.925 1.056

de 9.025 1.645 0.422
es 9.334 1.362 0.399
fr 8.847 1.256 0.325
zh 12.745 2.925 0.622

Olmo en 14.684 3.769 0.883
Eval Others Tower en 10.835 6.858 4.546

de 11.756 8.726 3.151
es 10.868 7.324 2.309
fr 9.977 6.297 1.849
zh 12.362 9.257 2.172

Olmo en 13.364 9.096 2.832
Question Answering Math (GSM8K)

Eval Self Olmo en 12.802 0.843 0.642
Question Answering Generic (TruthfulQA)

Eval Self Olmo en 9.424 6.219 1.698

Table 4: QE performance on tasks other than translation,
meansured in Binary Cross Entropy loss (BCE) ↓.

Test Data Model Sigmoid Monte Carlo LLM
Head Seq. Entropy Self

Softmax Sigmoid Judge

QE performance in Pearson ↑
WMT24 Tower 0.468 0.093 0.441 0.293

Olmo 0.606 0.106 0.552 0.093

QE performance in BCE ↓
PAWS-X Tower 1.056 11.828 1.047 22.993

Olmo 0.883 16.228 0.920 6.416
GSM8k Olmo 0.642 15.241 0.798 16.408
TruthfulQA Olmo 1.698 9.681 1.674 24.729

Table 5: Comparison to common QE approaches.

iments on Transformer-base and DeltaLM mod- 428

els, as these models allow multiple training runs 429

with reasonable computational cost. Figure 2 plots 430

ground-truth quality scores against predicted qual- 431

ity scores for different model settings. 432

Standard Softmax: Underconfidence Figure 2a 433

shows the behavior of the standard softmax head. 434

We observe the ambiguity-induced underconfi- 435

dence issue: outputs with high gold quality (points 436

on the right side of the plot) have predicted proba- 437

bilities spread across the full range from 0 to 1. 438

Random Negative Sampling Figure 2b shows 439

the Sigmoid Head trained with random negative 440

sampling. The probability is overconfident: out- 441

puts of all quality levels receive probabilities close 442

to 1. This happens for two main reasons. First, 443

at each step, incorrect tokens greatly outnumber 444

correct ones. Random sampling therefore mostly 445

picks clearly wrong tokens, which gives a weak 446
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Transformer Base DeltaLM
ParaCrawl WMT22 ParaCrawl WMT22

Probability (Softmax Head) 0.155 0.199 0.131 0.165
BoostedProb 0.235 0.367 0.218 0.291

Negative sampling
Sigmoid Head Random 0.123 0.163 0.141 0.209

Token Freq 0.304 0.521 0.142 0.209
Token Freq + Avoid Dominant 0.380 0.588 0.394 0.508
Softmax 0.197 0.441 0.126 0.357
Softmax + Avoid Dominant 0.326 0.580 0.239 0.467
Softmax t2 + Avoid Dominant 0.373 0.602 0.387 0.510
Softmax t2 + Token Freq + Avoid Dominant 0.383 0.586 0.403 0.515

COMET Kiwi 0.536 0.722 0.537 0.634
Best scores are shown as <score>, second best are <score>.

Table 6: Effect of different negative sampling strategies on QE performance.

learning signal and does not teach the model to dis-447

tinguish correct tokens from plausible but incorrect448

ones. Second, random sampling treats all tokens449

as negatives equally often, while positive examples450

depend on token frequency in the training data. As451

a result, frequent tokens appear more often as posi-452

tives than as negatives, biasing the model to assign453

them high scores even when they are incorrect.454

Negative Sampling from the Softmax Head455

Figure 2c shows the Sigmoid Head trained with456

negative sampling from the softmax head distribu-457

tion, where highly ranked tokens (except the refer-458

ence) are more likely to be sampled as negatives. In459

this case, the sigmoid head remains underconfident,460

similar to the baseline in Figure 2a, although the ef-461

fect is weaker. This is because alternatively correct462

tokens are still likely to be sampled as negatives,463

which exposes the model to the same ambiguity-464

induced underconfidence issue.465

Avoiding Dominant Tokens The ambiguity-466

induced underconfidence issue is mitigated when467

we explicitly exclude dominant tokens from nega-468

tive sampling. As shown in Figure 2d, the predicted469

probabilities better align with gold quality.470

Negative Sampling from Token Frequency471

Similar trends are observed when negative sam-472

pling is based on token frequency in the train-473

ing data. Figure 2e shows that frequency-based474

sampling alone still suffers from underconfidence.475

When dominant tokens are explicitly excluded (Fig-476

ure 2f), the issue is mitigated, and the confidence477

estimates become more aligned with gold quality.478

Quantitative Results The above observations479

are confirmed by the QE performance results in480

terms of Pearson correlation, shown in Table 6.481
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(e) Sigmoid Head
NS: Token Frequency
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Figure 2: Ground-truth versus predicted quality scores.

The proposed Sigmoid Head consistently outper- 482

forms the standard softmax head and the Boosted- 483

Prob baseline. The best-performing settings use 484

negative sampling based on token frequency or the 485

softmax distribution, combined with explicit exclu- 486

sion of dominant tokens. We further experiment 487

with applying a temperature of 2 to the softmax dis- 488

tribution used for negative sampling. This reduces 489

the impact of ambiguity-induced underconfidence 490
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and leads to the best overall results. This best set-491

ting is used for Transformer Base and DeltaLM in492

the main experiments (Section 5.1),493

For Olmo and Tower, we only evaluate a494

small number of top settings identified from the495

Transformer-based and DeltaLM experiments, due496

to their higher computational cost for training. Our497

proxy runs show that negative sampling from token498

frequency alone, with dominant tokens excluded,499

performs best for these models. We therefore use500

this setting in the main experiment (Section 5.1)501

for OLMo and Tower.502

6 Related Work503

In the field of Machine Translation (MT), the Qual-504

ity Estimation task is well studied, with the well-505

established method of training a separate module506

on human-labeled quality scores on MT output,507

with the representative example of COMET-kiwi508

(Rei et al., 2022). However, outside of MT, there is509

a lack of such training data to build such supervised510

QE modules. This calls for the need of unsuper-511

vised QE approaches, which are well aligned with512

Uncertainty Quantification techniques. These tech-513

niques often fall into several categories (Fadeeva514

et al., 2023): information-based approaches which515

make use of the model probability (Fomicheva516

et al., 2020), ensemble-based approaches which517

require generating multiple outputs (Kuhn et al.,518

2023; Dinh and Niehues, 2023), self-validation ap-519

proaches which prompt the LLMs to evaluate them-520

selves (Kadavath et al., 2022), and density-based521

approaches which require access to the model train-522

ing data to detect out-of-distribution instances dur-523

ing inference (Lee et al., 2018; Ren et al., 2023).524

Amongst these categories, information-based ap-525

proaches are the most straightforward and compu-526

tationally lightweight, as model probabilities come527

for free at generation.528

Previous works have pointed out that model529

probability for text generation tasks is not a good530

signal of output quality due to the inherent am-531

biguity of natural language, which we called the532

ambiguity-induced underconfidence issue (Ott533

et al., 2018; Stahlberg and Kumar, 2022; Fadeeva534

et al., 2024; Flores et al., 2025; Dinh and Niehues,535

2025). Fadeeva et al. (2024) address this issue536

by detecting tokens that are synonyms and contra-537

dicting compared to the final selected token, and538

re-calculate the quality score given the probabilities539

of only those tokens. Flores et al. (2025) address540

the issue by, instead of only looking at the probabil- 541

ity of the output as a quality signal, they calculate 542

the probability ratio between the highest-ranked 543

sequences and the rest, or evaluate the thinness of 544

the distribution’s tail. Dinh and Niehues (2025) 545

addresses the issue by assigning dominant tokens 546

in the softmax distribution a quality score equal to 547

the total probability mass of all dominant tokens, 548

rather than their individual probability mass. These 549

works address ambiguity-induced underconfidence 550

by modifying the softmax probability distributions. 551

In this paper, we address ambiguity-induced un- 552

derconfidence at the training architectural level: in- 553

stead of softmax, we use the sigmoid activation, so 554

that each output option is modeled independently. 555

In this regard, noise contrastive estimation (NCE) 556

(Gutmann and Hyvärinen, 2010; Mnih and Teh, 557

2012) and SCONES (Stahlberg and Kumar, 2022) 558

are the closest to our work, since they also switch 559

out the softmax activation for sigmoid. However, 560

NCE’s focus is to train models on a large vocabu- 561

lary size more efficiently with negative sampling so 562

that not the whole unembedding layer needs to be 563

learnt at every update step; SCONES’ focus is to 564

improve generation quality. Unlike us, both works 565

do not take into account the ambiguity-induced un- 566

derconfidence issue, i.e., all non-reference options 567

can still be sampled as negative, even when they 568

could be the alternative correct options. 569

7 Conclusion 570

This work addressed the ambiguity-induced under- 571

confidence issue of LM probability for QE by in- 572

troducing the Sigmoid Head, an additional unem- 573

bedding head with sigmoid activation trained on 574

top of frozen pretrained models. The sigmoid ac- 575

tivation allows multiple output options to receive 576

high confidence, while ambiguity-informed nega- 577

tive sampling avoids penalizing likely alternative 578

correct tokens during training. The Sigmoid Head 579

is trained on the same data as standard language 580

modeling, requires no human-annotated quality la- 581

bels, and is computationally efficient at both train- 582

ing and inference time. Across machine translation, 583

paraphrasing, and question answering, the probabil- 584

ity from Sigmoid Head provides a stronger quality 585

signal than the standard softmax head and common 586

unsupervised QE baselines. As it does not rely on 587

supervised quality data, it is also more robust in out- 588

of-domain settings and can outperform supervised 589

QE models under domain shift. 590
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Limitations591

The main motivation of this work is to improve592

the training setup and model architecture to better593

account for the ambiguity of natural language. In594

standard large language model training, such am-595

biguity already exists during next-token prediction596

pretraining, where multiple tokens can be valid at597

each generation step. However, due to limited com-598

putational resources, we only apply our proposed599

training setup to the final instruction-following600

training stage. Applying our approach during the601

pretraining phase could potentially bring stronger602

benefits, as the model could learn ambiguity more603

effectively from the large-scale pretraining data.604

Another limitation is that we evaluate our approach605

on only two LLMs, Tower Instruct 7B and OLMo606

1B, as these are among the few model families for607

which the training data is publicly available.608
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Ondřej Bojar, Anton Dvorkovich, Christian Feder-734
mann, Mark Fishel, Markus Freitag, Thamme Gowda,735
Roman Grundkiewicz, Barry Haddow, Marzena736
Karpinska, Philipp Koehn, Benjamin Marie, Christof737
Monz, Kenton Murray, Masaaki Nagata, Martin738
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A Cross-entropy Loss Behaviour on902

Multi-target Samples903

Recall the example in Section 2.2 where there are904

2 samples in the training data:905

Input: Ich fange an906

Output 1: I will begin907

Output 2: I will start908

which lead to the two training targets:909

P̂ (yi = “begin” | x,y<i) = 1,910

P̂ (yi ̸= “begin” | x,y<i) = 0,911

and912

P̂ (yi = “start” | x,y<i) = 1,913

P̂ (yi ̸= “start” | x,y<i) = 0.914

When the output activation function is the stan-915

dard softmax, the loss commonly used in practice916

is referred to as the negative log-likelihood (NLL),917

which is equivalent to the categorical cross-entropy918

loss with one-hot target:919

LCE = −
V∑
v

tv log pv,920

where tv is the one-hot target and pv is the predicted921

probability. When pbegin ≈ 1, pstart is enforced to922

be close to 0 given the softmax. The loss value923

is then low for Sample 1. However, for Sample 2924

where tstart = 1, the loss value will be very large:925

LCE = −
V∑
v

tv log pv926

= −
V∑

v ̸=start

tv log pv − tstart log pstart927

≈ −
V∑

v ̸=start

tv log pv − 1× log 0928

≈ ∞.929

Similarly for the case when the model assigns930

pstart ≈ 1. In practice, label smoothing is often ap-931

plied to alleviate this issue to some extent by redis-932

tributing a small amount of probability mass from933

the ground-truth token to other tokens in the target934

distribution. However, label smoothing does not935

fundamentally resolve the problem: it still enforces936

a single preferred target per sample and penalizes 937

assigning high probability to alternative valid out- 938

puts, only less severely. As a result, the model is 939

still discouraged from assigning high probability 940

to multiple correct tokens simultaneously. 941

This issue persists even when we switch out the 942

softmax output function with sigmoid. Consider 943

the binary cross-entropy loss commonly used with 944

the sigmoid output function: 945

LBCE = −
V∑
v

[tv log pv + (1− tv) log(1− pv)] . 946

Again, if pbegin ≈ 1, the loss is low for Sample 1 947

but very high for Sample 2 where tbegin = 0: 948

LBCE = −
V∑
v

[tv log pv + (1− tv) log(1− pv)] 949

= −
V∑

v ̸=begin

[tv log pv + (1− tv) log(1− pv)] 950

− tbegin log pbegin − (1− tbegin) log(1− pbegin) 951

= −
V∑

v ̸=begin

[tv log pv + (1− tv) log(1− pv)] 952

− 1× log 0 953

≈ ∞. 954

Similarly for the case when the model assigns 955

pstart ≈ 1. Therefore, even with sigmoid, one-hot 956

target supervision teaches the model to distribute 957

probability mass amongst valid alternatives, pre- 958

venting it from assigning high confidence to multi- 959

ple correct tokens. 960

B Finding Dominant Tokens 961

Dinh and Niehues (2025) show that, at an output 962

step, tokens with dominant probability mass in the 963

softmax distribution (so-called “dominant tokens”) 964

tend to be correct alternative outputs. They pro- 965

pose a heuristic to identify these tokens. First, the 966

probability distribution is sorted in descending or- 967

der. Then, moving from high to low probabilities, 968

they search for a “significant drop.” A drop is 969

considered significant if it exceeds both a relative 970

threshold (x = 30% of the preceding probability) 971

and an absolute threshold ϵ = 0.005. This drop 972

separates the dominant tokens from the remaining 973

ones. In our work, we apply this heuristic to iden- 974

tify dominant tokens and exclude them from neg- 975

ative sampling, since they are potentially correct 976

alternatives. 977
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C Motivation for Model Choices978

We selected four models to add the Sigmoid979

Head to: Transformer Base (trained from scratch),980

DeltaLM (fine-tuned), Tower, and OLMo (off-the-981

shelf). As mentioned in Section 4.2, we focus on982

Machine Translation (MT), since MT evaluation983

is better studied than evaluation for other tasks.984

We therefore trained the encoder-decoder Trans-985

former Base and DeltaLM on a medium-sized MT986

dataset (ParaCrawl 5M) to enable faster experi-987

ments with different negative sampling methods.988

We chose Tower because it is a state-of-the-art989

decoder-only LLM specialized for MT. We chose990

OLMo, a general-purpose language model, to test991

whether the Sigmoid Head also works for genera-992

tion tasks beyond MT.993

An important factor is that we want to train our994

Sigmoid Head on the exact same data that was used995

to train the original language model. This is an-996

other reason for choosing Tower and OLMo, as997

their training data is publicly available. We use998

the instruction-tuned versions of these two mod-999

els to reduce the computational cost of training1000

the Sigmoid Head, since instruction-tuning data1001

is typically much smaller than language modeling1002

data.1003

D Test Sets for Evaluation1004

Table 7 shows the statistics of the test sets used in1005

our experiments. More details of the test sets are1006

as follows.1007

WMT and BioMQM The WMT and BioMQM1008

machine translation test sets contain source sen-1009

tences and reference translations for multiple lan-1010

guage pairs. They also include system output trans-1011

lations from WMT shared task participants, to-1012

gether with human quality scores. We use these1013

scores as ground truth for quality estimation, which1014

enables evaluation in the Eval Other mode.1015

PAWS-X Each sample in PAWS-X is a pair of1016

sentences (S1, S2) along with binary labels: 1 if the1017

two sentences are paraphrases, 0 otherwise. This1018

also enables our assessment of the "Eval Other"1019

mode, where we treat S1 as the input text, S2 as1020

the candidate output text, and the binary labels as1021

the ground truth quality score. In contrast, for the1022

"Eval Self" mode, we let the LM generate its own1023

paraphrase of S1, and generate pseudo ground truth1024

quality score with Qwen2.5 72B Instruct.1025

GSM8k and TruthfulQA Each GSM8k exam- 1026

ple contains a math problem and its ground-truth 1027

answer. Each TruthfulQA example contains a ques- 1028

tion, a set of correct answers, and a set of incorrect 1029

answers. For these two datasets, we only evaluate 1030

the Eval Self mode. Pseudo ground-truth quality 1031

scores are generated using Qwen2.5 72B Instruct. 1032

To improve the reliability of the pseudo ground- 1033

truth, we provide all available reference informa- 1034

tion to Qwen2.5 72B Instruct: the ground-truth 1035

answer for GSM8k, and the correct and incorrect 1036

answer lists for TruthfulQA. 1037

Language selection For the multilingual transla- 1038

tion test sets (WMT24 and BioMQM), for Tower, 1039

we include all the available English-X language 1040

pairs that Tower was trained on: German, French, 1041

Spanish, Dutch, Italian, Korean, Chinease and Rus- 1042

sian. For OLMo, since it is claimed to be English- 1043

centric and not meant for translation, we only in- 1044

clude two high-resource language pairs: English- 1045

German and English-Spanish. Similarly, for the 1046

multilingual PAWS-X paraphrase test set, we eval- 1047

uate all languages supported by Tower. For OLMo, 1048

we evaluate only English. 1049

Task Test Set Lang. Nr. In 1 Nr. Out 2

MT ParaCrawl en-de 5000 -
WMT22 en-de 2037 10980
WMT24 en-de 960 8262

en-fr 960 -
en-es 960 8242
en-pt 960 -
en-nl 960 -
en-it 960 -
en-ko 960 -
en-cn 960 7608
en-ru 960 8242

BioMQM en-pt 935 449
en-es 717 2188
en-fr 614 2456
en-de 757 2710
en-it 1040 514
en-zh 639 4437
en-ru 550 1650

Paraphrasing PAWS-X en 1749 1749
de 1972 1972
es 1976 1976
fr 1958 1958
zh 1962 1962

QA GSM8k en 1319 -
TruthfulQA en 817 -

1: Number of input samples, which is the test size for
Eval Self.
2: Number of candidate outputs, which is the test size for
Eval Others.

Table 7: Statistics of test sets.
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E Word-level QE1050

We evaluate our Sigmoid Head on providing1051

quality scores on the word level. We use the1052

HJQE test set (Yang et al., 2023), which con-1053

tains source sentences and participants’ translations1054

from the WMT20 QE Shared Task (Specia et al.,1055

2020) along with human-annotated quality labels1056

(OK/BAD) on the word level. We again do force-1057

decoding to score these translations (Eval Others).1058

As the labels are binary, we report Binary Cross1059

Entropy loss (BCE). As an upper baseline, we use1060

the supervised WMT 21 OpenKiwi model (Specia1061

et al., 2021; Kim et al., 2017).1062

The results are shown in Table 8. Our Sigmoid1063

Head again outperforms the Softmax Head and1064

BoostedProb baselines. Sigmoid Head on top of1065

the small Transformer Base model underperforms1066

compared to the supervised QE. However, Sig-1067

moid Head on top of DeltaLM enables DeltaLM to1068

slightly outperform supervised QE, which was not1069

the case for Softmax Head and BoostedProb.1070

Model Softmax Boosted Sigmoid Supervised
Head Prob Head QE

Transformer Base 1.580 0.984 0.513 0.332
DeltaLM 1.362 0.829 0.329 0.332

Table 8: QE performance on word-level, measured in
BCE loss ↓ (Eval Others).

F Hardware1071

Training the Sigmoid Head on top of LLMs (Tower1072

and OLMo) is conducted on a single H100 GPU1073

with 96 GB memory. All other processes are run on1074

a single A100 GPU with 40 GB memory, including1075

training the Transformer Base and DeltaLM models1076

and performing inference for all models.1077

G License For Artifacts1078

The license for artifacts used in our paper is as1079

follows:1080

• ParaCrawl dataset (Bañón et al., 2020): Cre-1081

ative Commons CC01082

• WMT22 dataset (Kocmi et al., 2022): Apache1083

License 2.01084

• WMT24 dataset (Kocmi et al., 2024): Apache1085

License 2.01086

• BioMQM (Zouhar et al., 2024): Apache Li-1087

cense 2.01088

• GSM8k dataset (Cobbe et al., 2021): MIT 1089

License 1090

• TruthfulQA dataset (Lin et al., 2022): Apache 1091

License 2.0 1092

• DeltaLM model (Ma et al., 2021): MIT Li- 1093

cense 1094

• Tower model (Alves et al., 2024): CC BY NC 1095

4.0 1096

• OLMo model (OLMo et al., 2024): Apache 1097

License 2.0 1098
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