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Appendix A.1: Dataset Overview

Table 1 lists the sources and licenses for all datasets used in the BTZSC benchmark. All datasets are publicly available on
Hugging Face Datasets!. We use the same label verbalizers as used by (Laurer et al. 2023).

Domain Dataset Source License
Emotion
dialogue empathetic_dialogues (Rashkin et al. 2019) CCBY-NC4.0

social-media emotiondair (Saravia et al. 2018) Other (research/education)

Intent

banking banking77 (Casanueva et al. 2020) CCBY 4.0

social-media biasframes_intent (Sap et al. 2020) CCBY 4.0

Sentiment

apps appreviews (Grano et al. 2017) Unknown

e-commerce amazonpolarity (Zhang, Zhao, and LeCun 2015a) Apache-2.0

finance financialphrasebank (Malo et al. 2014) CC BY-NC-SA 3.0

local-business  yelpreviews (Zhang, Zhao, and LeCun 2015b) Terms of Use (non-commercial, 21 Feb 2020)
movies imdb (Maas et al. 2011) IMDb Non-Commercial Dataset Terms
movies rottentomatoes (Pang and Lee 2005) CCO0 1.0 (Public Domain)

Topic

assistant massive (FitzGerald et al. 2022) CCBY 4.0

education trueteacher (Gekhman et al. 2023) CCBY-NC4.0

news agnews (Zhang, Zhao, and LeCun 2015a) Non-commercial (AG Corpus terms)
politics capsotu (Jones et al. 2023; Laurer et al. 2023) CC BY-NC-SA 4.0

politics manifesto (Lehmann, Franzmann et al. 2024) see Terms of Use

ga-forum yahootopics (Zhang, Zhao, and LeCun 2015¢) Unknown

social-media  biasframes_offensive (Sap et al. 2020) CCBY 4.0

social-media  biasframes_sex (Sap et al. 2020) CCBY 4.0

wikipedia wikitoxic_insult (Wulczyn, Thain, and Dixon 2017) CC01.0

wikipedia wikitoxic_obscene (Wulczyn, Thain, and Dixon 2017) CC01.0

wikipedia wikitoxic_threat (Wulczyn, Thain, and Dixon 2017) CC01.0

wikipedia wikitoxic_toxicaggregated (Wulczyn, Thain, and Dixon 2017) CC01.0

Table 1: Source and licenses for all BTZSC datasets.

"https://huggingface.co/datasets



Appendix A.2: Model overview

Model Yr Arch. Backbone FT / train data’ #P Pool /dim
Base encoders
bert-large-uncased 2018 enc. BERT none 340 M -
deberta-v3-large 2021 enc. DeBERTa v3 none 304 M -
ModernBERT-large 2024 enc. ModernBERT none 395 M -
NLI cross-encoders
bart-large-mnli 2020 enc—dec. BART SNLI, MNLI 406 M -
nli-roberta-base 2020 enc. RoBERTa SNLI, MNLI 125 M -
bert-base-uncased-nli — enc. BERT MNLI, ANLI, WANLI, FEVERNLI, LINGNLI 110 M -
bert-large-uncased-nli — enc. BERT same as above 340 M -
bert-large-uncased-nli-triplet — enc. BERT same as above 340 M -
deberta-v3-base-nli — enc. DeBERTa v3 same as above 184 M -
deberta-v3-large-nli — enc. DeBERTa v3 same as above 304 M -
deberta-v3-large-nli-triplet — enc. DeBERTa v3 same as above 304 M -
modernbert-base-nli — enc. ModernBERT same as above 149 M -
modernbert-large-nli — enc. ModernBERT same as above 395 M -
modernbert-large-nli-triplet — enc. ModernBERT same as above 395 M -
Rerankers
ms-marco-MiniLM-L6-v2 2021 enc. MiniLM MS MARCO 22.7M -
gte-reranker-modernbert-base 2024 enc. ModernBERT large multiling. pairs 149 M -
bge-reranker-base 2023 enc. XLM-RoB. B large multiling. pairs 278 M -
bge-reranker-large 2023 enc. XLM-RoB.L large multiling. pairs 560 M -
Qwen3-Reranker-0.6B 2025 dec. Qwen3 synthetic yes/no ranking data 0.6 B -
Qwen3-Reranker-8B 2025 dec. Qwen3 synthetic yes/no ranking data 8B -
Embedding models
all-MiniLM-L6-v2 2021 enc. MiniLM 1 B paired sentences 22.7TM mean/ 384
e5-base-v2 2023 enc. ES5 (BERT) 270 M synthetic contrastive 110M mean /768
eS-large-v2 2023 enc. E5 (BERT) same as above 335M mean/ 1024
eS-mistral-7b-instruct 2024 dec. Mistral-7B synthetic multiling. contrastive 7B last/ 4096
bge-base-en-v1.5 2023 enc. BGE (RoB.) 1.5 B pair data, contrastive 137M CLS /768
bge-large-en-v1.5 2023 enc. BGE (RoB.) same as above 434 M CLS /1024
gte-base-en-v1.5 2024 enc.+ GTE MLM + contrastive pre-train 137M CLS /768
gte-large-en-v1.5 2024 enc.+ GTE same as above 434 M CLS/1024
gte-modernbert-base 2024 enc. ModernBERT same as above 149M CLS/768
Qwen3-Embedding-0.6B 2025 dec. Qwen3 synthetic multiling. contrastive 0.6 B last/ 1024
Qwen3-Embedding-8B 2025 dec. Qwen3 synthetic multiling. contrastive 8B last/4096

Table 2: Architectural and training overview of the 31 models evaluated. Columns list publication year (Yr), encoder/decoder
architecture (Arch.), backbone, principal fine-tuning or pre-training data, parameter count (#P), and pooling strategy with
embedding dimensionality.

Appendix A.3: Experimental Setup

Cross-Encoder Architectures for NLI

Let a paired input sequence (premise || hypothesis) be tokenised as x = (xg = [CLS], z1,...,[SEP],...,25_1) and encoded
by a pre-trained Transformer backbone fy : N® — R%*¥ with hidden size E:

H = fo(x) € RS*F, h=Hy € R¥ (CLS row).



A two-layer classification head with dropout p = 0.1 transforms h:

h = Dropout, ; (h), (1)
u = GELU(Wih + by), Wi eRFXE b eRE, )
z = LayerNorm(u), 3)
0 =Wosz + by, Wo eREXC by eRE, 4)

where C'is the number of label logits returned by the head. This setup mimicks the standard classification head of (Warner et al.
2024)

Binary variant. Here C' = 1 and ¢ € R is an entailment logit. The probability of entailment is o'(¢) = (1 + e~ *) ~! and the
model is optimised with binary-cross-entropy:

Loce(y, £) = —ylogo () — (1 —y)log(1 —o(£)), ye{0,1}.

Three-way variant (triplet). Now C = 3 with logits £ = (Lent, neuts Leontra)- During training the standard multi-class cross-
entropy is used:

Lcg(y,£) = —log M

, ye{l,2,3}.
Zc:l eXp(KC)

During evaluation the scalar entailment score is

s = gent _ log(e‘gnem + eéconlra)’

which is the log-odds of the ENTAILMENT class versus the union of the other two classes. The corresponding probability is
o(s).
Dimensions.

* B: batch size (omitted above for clarity),

» S:sequence length,

¢ F: hidden size of the backbone,

* C € {1, 3}: number of logits.

Training Procedure
Validation signal. Early stopping is triggered by the dev-set loss computed on an equal-sized, balanced union

Dgev = MNLI,,, U MNLI,,,, U ANLI,; U ANLI,2 U ANLI,.3 U WANLI U FEVERNLI U LINGNLI.

At every evaluation step the loss is measured, and training stops when this loss fails to decrease for 10 consecutive evaluations,
or 3 epochs, whichever comes first. Evaluation is performed every 1% of total steps.

Optimiser and schedules. Fine-tuning uses the PyTorch AdamW optimiser with default settings (81 =0.9, 52=0.999, =
1078, weight-decay =0.01). The learning rate employs a linear warm-up for the first 10% of steps followed by cosine decay:

t
10— 0<t<0.1T,

0.17"’
m(t —0.1T)
%770 (1 + COS—or

ui
) . 01T <t<T,
with separate initial rates for the backbone (7)en) and classification head (7pead )-

+ Large backbones: 7).,c = 8 X 1076, 1peaq = 4 x 1075.
 Base backbones: 1, = 2 X 1072, 1jpeaq = 1 x 1074,

All models train for E' = 3 epochs with mini-batch size B = 32 and no layer freezing.

Qwen3 Reranker
Prompt Template For every query—document pair we build a single decoder-only prompt of the form

P =prefix + (Instruct): I + (Query): ¢ + (Document): d + suffix.



Fixed strings.
¢ Prefix
<|im_start|>system
Judge whether the Document meets the requirements based on the Query
and the Instruct provided. Note that the answer can only be "yes" or "no".
<|im_end]|>
<|im_start|>user

o Suffix

<|im_end]|>
<|im_start|>assistant
<think>

</think>

Instructions /.
¢ NLI retrieval

Given a piece of text, retrieve the passage that entails the text the best

¢ Label retrieval

Given a piece of text, retrieve relevant label descriptions that best match the text

Binary decision via “yes/no” tokens Let 7y, and 7, be the token IDs that realise the strings “yes” and “no”. Denote the
final-step logit vector by v = Lg_1 € RY. We extract

UTyes ) UTno

and compute the entailment probability as
Vryes
e myes

Pyes = G 1 oo
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