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Why Zero-Shot Classification?

Text classification is everywhere in practice:

e Sentiment (Kowsari et al. 2019)
e Topic (Sebastiani 2002)
e Intent (Kowsari et al. 2019)

e Emotion (Kowsari et al. 2019)

Yet labeled data is expensive to build, especially in specialized domains (Sebastiani 2002;
Kowsari et al. 2019).

Zero-shot classification removes the need for task-specific labels (Yin, Hay, and Roth 2019).

@ Zero-shot classification (ZSC)

Score the match between an input text and each label description, then pick the best match.
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Four Model Families for ZSC

e NLI Cross-Encoders: entailment scoring of e Rerankers: relevance scoring of text-label

text-label pairs (Yin, Hay, and Roth 2019; pairs, adapted from IR (Nogueira, Jiang, and
Lewis et al. 2020). Lin 2020).

e Embedding Models: cosine-similarity ° : multiple-choice
matching in shared embedding space prompting with next-token scoring (Brown et
(Reimers and Gurevych 2019; Wang et al. al. 2020).

2024).

@ Practical Question

Which approach should we use, and when?
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The Gap: Fragmented Evaluation

Existing work evaluates ZSC in isolation:
e Single family — only NLI cross-encoders in early benchmarks (Yin, Hay, and Roth 2019)
e Narrow scope — topic-only evaluations (Gretz et al. 2023)

e Not pure zero-shot — MTEB uses supervised probes (Muennighoff et al. 2023)

e Missing families — small-LLM studies omit embeddings and rerankers (Lepagnol et al. 2024)

This makes it impossible to compare across model families under a consistent protocol.

@ Our Goal

A unified benchmark — shared datasets, shared metrics, strict zero-shot protocol — comparing all four
families side by side.
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BTZSC: Benchmark Design

22 public datasets, 38 models

Task # Datasets # Classes

Topic 11 2-56

Sentiment 6 2-3

Intent 3 2-17

Emotion 2 6-32
(i) Open Science
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Design criteria:

e Task & domain diversity

e Class cardinality: 2to 77

e Document length: 8 to 282 tokens
e Strictly zero-shot protocol

e Label verbalizers from (Laurer et al.
2023)

All publicly released: Datasets - Code - Leaderboard


https://huggingface.co/datasets/btzsc/btzsc
https://github.com/IliasAarab/btzsc
https://huggingface.co/spaces/btzsc/btzsc-leaderboard

Some Insights

Family Best Model Avg F Avg Acc
Reranker Qwen3-Reranker-8B 0.72 0.76
Mistral-Nemo-12B 0.67 0.71
Embedding GTE-large-en-v1.5 0.62 0.64
NLI Cross-Enc. DeBERTa-v3-L-NLI 0.60 0.62

Key insight: Model family matters more than size, but scaling effects are family-dependent.

e Architecture dominates at matched scale: Qwen3-Reranker-8B (F1=0.72) vs Qwen3-Embedding-8B (F;=0.59) — same

backbone, +13 pts

e NLI cross-encoders remain competitive: DeBERTa-v3-L-NLI (F{=0.60, ~300M) matches Qwen3-Reranker-0.6B (F;=0.61)

despite its modern backbone and large-scale training mix

e Embeddings are efficient but task-sensitive: GTE-large (F;=0.62) rivals similar-size cross-encoders and rerankers, but

doesn’t gain with scaling
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Scaling Behavior
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e Rerankers: monotonic gains with scale
. steepest scaling — poor at small scale, rapid jump between 3B and 8B

e Embeddings: saturate around F; = 0.60-0.62
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Rankings Shift Across Datasets

TOPIC

ModernBERT-L-NLI = 7
DeBERTa-v3-L-NLI
GTE-Reranker-ModB
Qwen3-Reranker-8B
GTE-L-v1.5
E5-Mistral-7B

Qwen3-4B (LLM)

No single model wins everywhere — the best family changes with the dataset.

e |LMs excel on topic classification
e Rerankers dominate intent and emotion

e Sentimentis comparatively easy for all strong models
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Takeaways

1. Model family matters more than size — architecture choice drives performance

2. Scaling behavior varies by family — rerankers gain steadily, LLMs need 3B+, embeddings
saturate, NLI plateaus

3. No single model dominates — use BTZSC to find the right family for your task

Resources: BTZSC

e Code: github.com/IliasAarab/btzsc
e Data: huggingface.co/datasets/btzsc

e Leaderboard: huggingface.co/spaces/btzsc
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