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Introduction

e GLINER utilizes encoder-only bidirectional
transformer (BERT-like) for open-type Named Entity ‘
Recognition (NER) |
e Outperforms zero-shot and fine-tuned LLM models |
across diverse datasets L J
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[ENT ] token represents a special token placed

before each entity type and the [ SEP ] token func- Model Params | Movie Restaurant Al  Literature Music Politics Science Average
tions as a delimiter, separating the sequence of en- Vicuna-7B | 7B 6.0 5.3 s 6| 70 00 13.0 13.0
: : . .o 1. Vicuna-13B | 13B 0.9 0.4 . 266 270 22.0 17.5
tity types from the input tE"_Xt_' They are mitialized USM 0.3B 37.7 17.7 282  56.0 449  36.1 44.0 37.8
randomly at the start of training. ChatGPT - 5.3 32.8 524  39.8 66.6  68.5 67.0 47.5
: InstructUIE | 11B 63.0 21.0 490 472 532  48.1 49.2 472
Token representation The token encoder pro- UniNER-7B | 7B 0 W A 6 B e A
cesses the unified jﬂpu’[ to compute 1nteractions UniNER-13B | 13B 48.7 36.2 54.2 60.9 64.5 61.4 63.5 55.6
. : GoLLIE 7B 63.0 43.4 59.1 627 678  57.2 55.5 58.0

between all tokens (both entity types and mput i

text), producing contextualized representations GLiNER-S | 50M 46.9 33.3 50.7  60.0 609 615 55.6 52.7
> P & o ¥ ' GLINER-M | 90M | 42.9 W 0 . B e wy . S
Let p = {pi}y e R™”*" represent the en- GLINER-L | 03B | 572 120, 570 644 696 D6 66 609

coder’s output for each entity type, corresponding

to all the [ENT] token representations. Similarly,
h = {h; é‘r —1 € RVXP denotes the representation

of each word 1n the input text. For words tokenized

Table 1: Zero-Shot Scores on Out-of-Domain NER Benchmark. We report the performance of GLiNER with
various DeBERTa-v3 (He et al., 2021) model sizes. Results for Vicuna, ChatGPT, and UniNER are from Zhou et al.
(2023); USM and InstructUIE are from Wang et al. (2023); and GoLLIE is from Sainz et al. (2023).
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Table 3: Zero-Shot Scores on Different Languages.
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