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Abstract

Large language models encode extensive world
knowledge valuable for zero-shot named entity
recognition. However, their causal attention
mechanism, where tokens attend only to pre-
ceding context, prevents effective token classi-
fication when disambiguation requires future
context. Existing approaches use LLMs gener-
atively, prompting them to list entities or pro-
duce structured outputs, but suffer from slow
autoregressive decoding, hallucinated entities,
and formatting errors.

We propose Just Pass Twice (JPT), a simple
yet effective method that enables causal LLMs
to perform discriminative token classification
with full bidirectional context. Our key insight
is that concatenating the input to itself lets each
token in the second pass attend to the complete
sentence, requiring no architectural modifica-
tions. We combine these representations with
definition-guided entity embeddings for flex-
ible zero-shot generalization. Our approach
achieves state-of-the-art results on zero-shot
NER benchmarks, surpassing the previous best
method by +7.9 F1 on average across Cross-
NER and MIT benchmarks, being over 20×
faster than comparable generative methods.

1 Introduction

Named Entity Recognition (NER) is a foundational
natural language processing task, underpinning nu-
merous downstream applications such as informa-
tion extraction, privacy-preserving text process-
ing, knowledge graph construction, entity linking,
question answering, and document understanding
pipelines (Keraghel et al., 2024). Early approaches
framed NER as a token-level sequence labeling
problem, most commonly using the BIO tagging
scheme (Chiu and Nichols, 2016; Akbik et al.,
2018; Qin et al., 2019; Devlin et al., 2019), where
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Figure 1: Just Pass Twice (JPT) enables bidirectional
token classification in causal LLMs. (Top) Standard
causal masking restricts the target token “Paris” from
attending to future context like “album” (red barrier),
leading to ambiguity. (Bottom) JPT duplicates the input
sequence. In the second pass, the target token (green
box) attends backwards to the entire original sequence
(green arrows), resolving the entity type without archi-
tectural modifications.

every token is assigned a label indicating whether
it begins, is inside, or is outside an entity mention.

The dominant approach to NER has been dis-
criminative token classification using bidirectional
encoders such as BERT (Devlin et al., 2019),
RoBERTa (Liu et al., 2019), and DeBERTa (He
et al., 2021). This paradigm underlies a wide
range of NER systems, including BioNER based on
BERT (Cocchieri et al., 2025), RoBERTa-based ap-
proaches such as NuNER (Bogdanov et al., 2024),
and DeBERTa-based systems such as GLiNER
(Zaratiana et al., 2024). These models naturally
support token-level labeling: their bidirectional at-
tention allows each token to attend to both pre-
ceding and subsequent context, enabling effective
disambiguation. However, encoder-based methods
face inherent limitations: they are typically small
(<1B parameters), have limited context windows,
and encode less world knowledge than larger mod-



els, which can limit generalization to novel entity
types and domains.

Large language models (LLMs) offer a com-
pelling alternative. With billions of parameters
and training on vast corpora, LLMs encode rich
world knowledge and demonstrate remarkable rea-
soning capabilities across diverse NLP tasks. These
properties make them seemingly ideal for zero-shot
NER.

However, existing approaches to LLM-based
NER diverge from the sequence labeling paradigm,
instead employing generative formulations. Re-
cent work has fine-tuned open-source LLMs on di-
verse NER datasets to enhance domain adaptability:
InstructUIE (Wang et al., 2023) trains on a wide
range of information extraction datasets using in-
struction tuning; UniversalNER (Zhou et al., 2024)
distills from ChatGPT and queries entity types one
at a time for improved recall; and GoLLIE (Sainz
et al., 2024) uses code-style annotation guidelines
to improve zero-shot generalization. Empirical
evaluations show that even “vanilla” prompting
of large models like ChatGPT yields suboptimal
results compared to smaller supervised baselines
(Wei et al., 2024; Li et al., 2023).

Despite these advances, all generative NER ap-
proaches suffer from fundamental drawbacks: (1)
Speed: autoregressive token generation is inher-
ently slow compared to single-pass classification;
(2) Cost: output tokens cost 3–4× more than in-
put tokens in commercial APIs because decoding
is sequential and memory-bound, requiring a for-
ward pass per generated token; (3) Hallucinations
and Format Errors: Generative models are prone
to hallucinating entities not present in the input
and can produce outputs that fail to parse into
valid structured data, requiring error handling or
re-prompting (Li et al., 2023; Wang et al., 2025b).

A natural question arises: why not apply the
successful token classification paradigm from en-
coders directly to LLMs? The fundamental obsta-
cle is architectural. Modern LLMs employ causal
(unidirectional) attention, where each token can
only attend to itself and preceding tokens. While es-
sential for efficient autoregressive generation, this
creates a critical limitation for token classification:
when classifying a token, the model lacks access to
subsequent context that may be essential for disam-
biguation.

Consider the sentence “Paris released a new al-
bum” (Figure 1). To correctly classify Paris as a
person rather than a location, a model must see the

full sentence; the noun phrase “a new album” re-
veals this refers to the musician, not the city. Under
causal attention, when the model processes Paris, it
has not yet observed released, new, or album. The
causal mask prevents the classifier from accessing
this disambiguating future context, which is pre-
cisely why standard token classification fails with
decoder-only LLMs.

We propose Just Pass Twice (JPT), a method
that bridges this gap through two key innovations.

First, we enable bidirectional token classifi-
cation in causal LLMs without architectural
changes. Our insight is simple: concatenating the
input sequence to itself allows each token in the
second pass to attend to the complete sentence from
the first pass. We extract representations only from
this second occurrence, where each token has effec-
tive bidirectional context, and use these for token
classification. Despite doubling the input length,
the operation occurs entirely in the highly paral-
lel prefill phase. Unlike autoregressive decoding,
which is sequential and memory-bound, this makes
JPT dramatically faster than generative alternatives.

Second, we introduce definition-guided en-
tity typing for flexible zero-shot generalization.
Rather than encoding entity types by name alone
(e.g., “PERSON”), we encode rich natural lan-
guage definitions that precisely specify what each
type encompasses. We inject definitions through
two complementary channels: (1) as embeddings
that the classifier matches against token representa-
tions, and (2) directly in the LLM’s input prompt,
where they guide token encoding via attention. In-
spired by recent work showing that definitions out-
perform simple label names for zero-shot NER
(Cocchieri et al., 2025), this approach decouples
the model from any fixed label vocabulary while
providing fine-grained control: users can specify
boundary cases directly in natural language, such
as whether PRICE captures only explicit amounts
(“$50”) or also qualitative descriptors (“budget-
friendly”). Since definitions remain fixed at infer-
ence time, entity embeddings are computed offline
and cached, adding no runtime overhead.

We implement JPT by adding lightweight LoRA
adapters (Hu et al., 2021), projection layers, and
a bilinear classifier to frozen Qwen3 backbones
(4B and 8B parameters), trained on an in-house
Wikipedia-derived NER dataset with no overlap
with evaluation benchmarks. On zero-shot evalua-
tion across CrossNER and MIT benchmarks, JPT
surpasses state-of-the-art methods by +7.9 F1 on



average, while being over 20× faster than compa-
rable generative methods. We further demonstrate
JPT’s strong generalization on an extended bench-
mark of 20 diverse NER datasets spanning biomed-
ical, social media, and multilingual domains.

Our main contributions are:

• A simple, effective method for enabling bidi-
rectional context in causal LLMs through
input duplication, requiring no architectural
modifications to the base LLM architecture
and leveraging efficient parallel prefill compu-
tation.

• Definition-guided entity typing that enables
flexible zero-shot generalization through natu-
ral language type specifications, offering fine-
grained control over what constitutes each en-
tity type.

• State-of-the-art results on CrossNER and MIT
benchmarks (+7.9 F1 over the previous best),
with consistent improvements across 19 of 20
extended benchmarks and over 20× speedup
versus generative methods.

Code and pretrained model weights will be released
upon acceptance.

2 Related Work

The landscape of zero-shot Named Entity Recogni-
tion is characterized by a fundamental tension: effi-
cient discriminative models with limited capacity
and reasoning capabilities versus powerful genera-
tive LLMs with high latency and reliability issues.

2.1 Generative NER with LLMs
The dominant paradigm for LLM-based NER for-
mulates the task as sequence generation. Univer-
salNER (Zhou et al., 2024) demonstrated that dis-
tilling ChatGPT into smaller generative models
(e.g., LLaMA-7B) via targeted instruction tuning,
querying one entity type at a time, can achieve
impressive open-vocabulary performance. Instruc-
tUIE (Wang et al., 2023) established a unified
framework showing that multi-task instruction tun-
ing captures inter-task dependencies. To handle
complex schema definitions, GoLLIE (Sainz et al.,
2024) fine-tunes models to follow annotation guide-
lines formatted as code, improving zero-shot gen-
eralization to unseen schemas. Building on these
instruction-tuning paradigms, GNER (Ding et al.,
2024) identifies that previous methods are overly

“entity-centric”; they propose incorporating nega-
tive instances (non-entities) into training to explic-
itly refine boundary detection and context aware-
ness. SaM (Ding et al., 2025) dynamically selects
and merges domain-specific LoRA adapters at in-
ference time, achieving strong zero-shot perfor-
mance but requiring a library of pre-trained expert
weights.

However, generative approaches face inherent
limitations. GPT-NER (Wang et al., 2025b) iden-
tified the “hallucination issue,” where LLMs over-
confidently generate entities not present in the
input, necessitating secondary verification steps.
More fundamentally, autoregressive decoding intro-
duces latency that scales with output length rather
than input length.

Some recent approaches seek to improve ac-
curacy by prompting LLMs for explicit explana-
tions or justifications. For example, PromptNER
(Ashok and Lipton, 2023) asks models to pro-
duce explanations supporting entity compatibility.
While such methods can bolster interpretability
and performance, they further increase generation
costs and latency by requiring models to output
rationales in addition to entity predictions. JPT
sidesteps this trade-off entirely: we leverage the
underlying reasoning capacity of LLM backbones
but bypass autoregressive generation through dis-
criminative projection.

2.2 Discriminative Encoder-Based
Approaches

Parallel to generative methods, discriminative archi-
tectures treat NER as a semantic matching problem.
GLiNER (Zaratiana et al., 2024) uses a bidirec-
tional transformer (DeBERTa) to encode concate-
nated entity type prompts and text, enabling zero-
shot detection via span-type matching in a shared
latent space. OpenBioNER (Cocchieri et al., 2025)
extends this paradigm using a cross-encoder archi-
tecture tailored to the biomedical domain, demon-
strating that encoding entity definitions, rather than
simple label names, significantly boosts zero-shot
performance on rare concepts. NuNER (Bogdanov
et al., 2024) pushes the encoder paradigm further
by employing a bi-encoder architecture (separating
text and concept encoding) pretrained on massive
synthetic datasets annotated by LLMs.

While these encoder-based methods are effi-
cient, they are inherently limited by the capacity of
their backbone models (typically BERT/DeBERTa
at <1B parameters), which may encode less



world knowledge than larger decoder models.
JPT bridges this gap: we adopt the definition-
augmented matching strategy of OpenBioNER but
apply it to much larger decoder-only LLMs, while
also injecting definitions directly into the prompt
for dual-channel guidance.

Alternative Approaches to Bidirectional Con-
text. Several techniques exist for obtaining bidi-
rectional context in language models. Prefix-LM at-
tention (Raffel et al., 2020; Tay et al., 2023) allows
bidirectional attention over a designated prefix, but
requires this pattern during pretraining. Fill-in-the-
middle training (Bavarian et al., 2022) enables con-
ditioning on future context, but only for specially-
trained models. Simply removing the causal mask
at inference fails because attention patterns become
out-of-distribution. In contrast, JPT’s input dupli-
cation works with any off-the-shelf causal LLM:
the model processes a standard causal sequence,
but by repeating the input, tokens in the second
pass attend to the complete sentence, requiring no
architectural changes and no special pretraining.

2.3 Positioning Our Approach

JPT occupies a unique position in this landscape.
Unlike generative models, we operate as a discrim-
inative token classifier, eliminating autoregressive
latency and generation-related hallucinations. Un-
like encoder-only models, we leverage the massive
parameter space and world knowledge of 7B+ de-
coder LLMs. And unlike multi-stage pipelines, we
require only a single forward pass. Our approach
demonstrates that the causal attention constraint
can be overcome through a simple input transfor-
mation rather than architectural modifications or
complex inference procedures.

3 Method

3.1 Overview

Figure 2 illustrates the JPT architecture. Given an
input text and a set of entity types with definitions,
JPT performs the following steps: (1) entity type
definitions are encoded using a text embedding
model (this can be done offline and cached), (2)
the text is duplicated and processed by a causal
LLM to obtain bidirectional token representations,
(3) both representations are projected to a shared
space Rdp , and (4) a bilinear classifier computes
matching scores between tokens and entity types.

3.2 Bidirectional Context via Input
Duplication

The core insight of JPT is that causal attention’s
unidirectional constraint can be overcome through
input duplication. In a causal LLM, each token xi
can only attend to preceding tokens x1, . . . , xi−1.
This prevents effective token classification, as dis-
ambiguating context often appears after the token
of interest.

Given an input sequence x = (x1, x2, . . . , xn),
we construct the duplicated input:

x′ = (x1, . . . , xn︸ ︷︷ ︸
first pass

, [SEP], x1, . . . , xn︸ ︷︷ ︸
second pass

) (1)

When the LLM processes x′, each token xi in the
second pass can attend to: (1) all tokens from the
first pass x1, . . . , xn, providing complete “future”
context, and (2) preceding tokens in the second pass
x1, . . . , xi−1, providing standard “past” context.
The combination provides effective bidirectional
attention without modifying the causal attention
mechanism.

Attention Coverage. Crucially, for a token at
position k in the second pass (position n + 1 +
k in x′), causal attention permits attending to all
positions j ≤ n + 1 + k, which includes all n
tokens of the first pass. This means every token in
the second pass has access to the complete input
sequence, exactly the bidirectional context required
for accurate token classification. We visualize these
attention patterns in Section 5.

Token Representation Extraction. We extract
hidden states only from the second occurrence of
tokens, as these contain the bidirectional context.
Let hi ∈ Rdllm denote the final-layer hidden state of
token xi from the second pass. We apply a learned
projection:

ti = MLPtoken(hi) ∈ Rdp (2)

where the MLP consists of linear layers with Lay-
erNorm and GELU activation. This projects from
the LLM’s hidden dimension (dllm = 2560 for
Qwen3-4B, 4096 for Qwen3-8B) to the shared rep-
resentation space (dp = 256).

3.3 Definition-Guided Entity Typing
A key component enabling zero-shot generaliza-
tion is our use of natural language definitions to
represent entity types. Rather than encoding en-
tity types by their names alone (e.g., “PERSON”),
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Figure 2: Architecture of the proposed model. (Top) Entity definitions are encoded via a text encoder (dimension
denc) and projected into the shared space Rdp using the Entity Projection MLP, yielding entity embeddings
pper,ploc, . . . (Bottom) The Causal LLM processes the duplicated input sequence. Hidden states from the second
pass (h5, . . . ,h7) are projected to token embeddings t1, . . . , tn ∈ Rdp and scored against entity embeddings via a
bilinear classifier.

which relies on surface-level semantics, we encode
rich definitions that specify exactly what should be
tagged.

This approach enables flexible zero-shot trans-
fer: new entity types can be specified at inference
time without retraining, as the model learns to
match token representations to definition semantics
rather than memorizing fixed label vocabularies.
Beyond generalization, definition-guided typing
provides fine-grained control, allowing users to
specify boundary cases directly in natural language.
This makes JPT a controllable information extrac-
tor rather than a fixed NER model. We validate
these properties in Section 5.1.

For each entity type j, we create a definition text
defj and encode it using a pre-trained text embed-
ding model:

pj = MLPentity(encj) ∈ Rdp (3)

where encj = Embed(defj) ∈ Rdenc is the raw em-
bedding from the text encoder (e.g., denc = 4096
for Qwen3-Embedding).

Definition Format. Definitions can range from
simple (“A human individual’s name”) to detailed
specifications that include boundary cases and dis-
ambiguation rules:

LOCATION: “Any word indicating WHERE: ex-
plicit place names (Boston, downtown), relative
indicators (nearby, around), directional words
(east, south side).”

This flexibility allows users to precisely control
what gets tagged. For instance, they can specify
whether “nearby” should be tagged as a LOCATION
indicator or ignored as a common adjective.

Dual-Channel Definition Injection. In addition
to encoding definitions as entity embeddings pj ,
we include the list of entity types and their defini-
tions in the LLM’s input prompt (see Appendix C).
This provides explicit semantic guidance during to-
ken encoding: the LLM’s attention mechanism can
attend to definitions while processing each token,
while the embedding space enables the classifier
to match tokens to entity semantics. Our ablation
study (Section 5.1) shows that both channels pro-
vide complementary benefits.

Embedding Caching. Entity type definitions re-
main constant at inference time, so their embed-
dings can be precomputed and cached, incurring
no additional latency during prediction. Any text
embedding model can be used, e.g., OpenAI’s
text-embedding-3-small (1536-dim) or Qwen3-
Embedding (4096-dim).



3.4 Classification

Given projected token representations ti ∈ Rdp

and entity embeddings P = [p1, . . . ,pN ] ∈
RN×dp , we compute classification scores using a
bilinear interaction:

sij = t⊤i Wpj + bj (4)

where W ∈ Rdp×dp is a learned weight matrix and
bj is a learned type-specific bias.

We include an explicit “O” (outside/non-entity)
class with a fixed embedding pO derived from the
definition “A token that is not part of any named
entity,” making this an (N + 1)-way classification.
The final prediction is:

ŷi = arg max
j∈{O,1,...,N}

sij (5)

At inference, consecutive entity tokens are
merged into spans, with span boundaries triggered
by type changes.

3.5 Training

Parameter Efficiency. We freeze the LLM back-
bone and train only: (1) LoRA adapters (Hu et al.,
2021) on the attention projections, (2) token and en-
tity projection MLPs, and (3) the bilinear classifier.
This yields strong performance while updating un-
der 2% of backbone parameters (0.95% for JPT-4B,
1.71% for JPT-8B). Full details in Appendix A.

Loss Function. We use weighted classification
losses (cross entropy and focal loss) to handle class
imbalance, downweighting the “O” class relative
to entity classes. Loss is computed only on tokens
from the second pass. Full details on the loss func-
tions are provided in Appendix A.

Training Data. We train on an in-house NER
dataset derived from Wikipedia with automatic an-
notation, containing diverse entity types. Impor-
tantly, this dataset has no overlap with any evalu-
ation benchmark, ensuring our evaluation is truly
zero-shot with respect to test domains and datasets.

Full training data statistics and examples are pro-
vided in Appendix B.

4 Experiments

4.1 Experimental Setup

We evaluate on two established zero-shot NER
benchmarks:

• CrossNER (Liu et al., 2020): Five specialized
domains (AI, Literature, Music, Politics, Sci-
ence) with 9–17 domain-specific entity types
per domain.

• MIT Movie/Restaurant (Liu et al., 2013):
Slot-filling NER for conversational queries;
the Restaurant dataset contains 8 entity types
and the Movie dataset contains 12.

We compare against state-of-the-art methods
from both paradigms:

• Generative: UniNER-7B (Zhou et al., 2024),
GoLLIE (Sainz et al., 2024), InstructUIE
(Wang et al., 2023), GPT-NER (Wang et al.,
2025b), SaM (Ding et al., 2025)

• Discriminative: GLiNER-L (Zaratiana et al.,
2024)

Implementation Details. We use Qwen3-4B and
Qwen3-8B as base LLMs. Entity embeddings use
Qwen3-Embedding-8B. The shared projection di-
mension is dp = 256. Training uses AdamW with
learning rate 5×10−5, effective batch size 8, and 5
epochs on a 4xH100 GPU machine. LoRA and pro-
jection configurations are detailed in Section 3.5.

4.2 Main Results
Table 1 presents our main results. JPT-8B achieves
state-of-the-art performance, outperforming the
previous best method (SaM) by +7.9 F1 overall
and (UniNER-7B) by +12.3 F1. The largest gains
appear on Music (+11.8 F1), Restaurant (+11.5
F1), and AI (+11.0 F1), domains with specialized
terminology where LLM world knowledge proves
particularly beneficial. Even JPT-4B surpasses all
baselines (+4.7 F1 over SaM), with further gains
from scaling to 8B, suggesting that larger LLM
backbones continue to improve performance.

4.3 Extended Benchmark Results
Table 2 reports results on an extended suite of 20
datasets. JPT-4B outperforms both GLiNER-L
and UniNER-7B on 19 out of 20 benchmarks.

4.4 Efficiency Analysis
We estimate cost using inference time × $5.07/hour
for local models or API pricing for GPT-5, adopting
the NER prompting template from Ye et al. (2023).
All local models are benchmarked on the same
A100 GPU with batch size 1 for fair comparison.
Table 3 summarizes results.



Model AI Lit. Music Politics Science Movie Rest. Avg

Generative Baselines
UniNER-7B 62.9 64.9 70.6 66.9 70.8 61.2 35.2 61.8
GoLLIE 59.1 62.7 67.8 57.2 55.5 63.0 43.4 58.4
InstructUIE 49.0 47.2 53.2 48.2 49.3 63.0 21.0 47.8
SaM (MoE) 60.9 66.9 73.5 74.4 62.6 72.1 52.9 66.2

Discriminative Baselines
GLiNER-L 57.2 64.4 69.6 72.6 62.6 64.4 42.9 60.9

JPT-4B (Ours) 68.3 73.7 84.1 76.4 69.5 60.7 63.4 70.9
JPT-8B (Ours) 71.9 72.2 85.3 77.0 71.3 76.5 64.4 74.1

Table 1: Zero-shot F1 scores on CrossNER and MIT benchmarks. JPT-8B achieves the best overall average,
improving by +7.9 F1 over the strongest baseline (SaM). Results for baselines are taken from prior work (Ding
et al., 2025).

Dataset UniNER-7B GLiNER-L JPT-4B
ACE05 36.9 27.3 44.6
AnatEM 25.1 33.3 37.2
bc2gm 46.2 47.9 54.8
bc4chemd 47.9 43.1 53.3
bc5cdr 68.0 66.4 70.4
Broad Twitter 67.9 61.2 71.2
CoNLL03 72.2 64.6 78.1
FabNER 24.8 23.6 27.8
FindVehicle 22.2 41.9 42.3
GENIA 54.1 55.5 50.8
HarveyNER 18.2 22.7 27.7
MIT Movie 42.4 57.2 73.4
MIT Restaurant 31.7 42.9 61.9
MultiNERD 59.3 59.7 65.7
NCBI 60.4 61.9 68.7
OntoNotes 27.8 32.2 43.1
PolyglotNER 41.8 42.9 47.4
TweetNER7 42.7 41.4 49.7
WikiANN 55.4 58.9 64.7
WikiNeural 69.2 71.8 77.3
Average 45.7 47.8 55.5

Table 2: Extended zero-shot F1 results across 20 NER
benchmarks spanning biomedical, social media, and
multilingual domains. Results for UniNER-7B and
GLiNER-L are reported from (Zaratiana et al., 2024).

JPT processes all tokens in a single forward pass,
while generative methods must decode token-by-
token, with latency scaling with output length. JPT-
4B is ≈22× faster than UniNER-7B, and even
JPT-8B (with a larger backbone and doubled input
length) remains ≈13.5× faster while achieving
higher F1.

Why Doubling Input Length is Fast. While JPT
doubles the input sequence length via concatena-
tion (processing 2N tokens), this operation occurs
entirely within the prefill phase, which exploits
massive parallelism and is compute-bound, achiev-
ing high GPU utilization (Wang et al., 2025a). In
contrast, generative approaches rely on the decode
phase, which is inherently sequential and memory-

Method Cost($)↓ Time (sec)↓ F1↑
Generative Methods
UniNER-7B 2.77 1970.2 61.8
GNER 8.21 5831.5 75.8
GPT-5† 0.49 579.6 67.1
Discriminative Methods
GLiNER-L 0.05 33.3 60.9
JPT-4B 0.13 89.7 76.4
JPT-8B 0.21 146.2 77.0

Table 3: Efficiency comparison on CrossNER-Politics.
Cost: compute time × $5.07/hour (local) or API pricing
(GPT). †GPT results vary with prompting strategy.

bound; each generated token requires reloading
model weights from memory for a single step of
computation, leaving compute units underutilized
(Patel et al., 2024). Consequently, a single forward
pass over a duplicated input is orders of magnitude
faster than autoregressively generating entity lists,
effectively trading cheap “parallel” input tokens for
expensive “serial” output tokens. This efficiency
gain is reflected in commercial API pricing, where
providers typically charge 3–5× more for output
tokens.

5 Ablation Studies and Analysis

5.1 Ablation Studies

We validate our two core design choices, input
duplication and definition-guided typing, through
ablation experiments. Table 4 summarizes results
on CrossNER and MIT benchmarks.

Input Duplication. Removing input duplication
(single pass) degrades performance by −15.2 F1,
confirming that bidirectional context is essential
for effective token classification with causal LLMs.

Entity Definitions. Using definitions in only one
channel (prompt or embedding) provides limited



Configuration Avg Micro F1
Input Duplication
Single Pass 55.7
Entity Definitions
No Definitions 58.3
Prompt-only definitions 63.3
Embedding-only definitions 65.2
Dual-channel definitions + Double Pass (JPT) 70.9

Table 4: Ablation studies on JPT-4B. Avg. micro-F1
across CrossNER and MIT benchmarks. Input duplica-
tion provides +15.2 F1; dual-channel definitions provide
+12.6 F1 over no definitions.
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Figure 3: Attention weights averaged across all trans-
former layers from second-pass tokens (rows) to first-
pass tokens (columns). The model attends to corre-
sponding positions (diagonal) and semantically relevant
context, suggesting effective bidirectional information
flow.

gains. Jointly injecting definitions into both the
prompt and embeddings yields the highest perfor-
mance (+12.6 F1 over no definitions), suggesting
that the two mechanisms provide complementary
signals. The ability to precisely define entity bound-
aries proved especially valuable. For example,
on MIT-Restaurant, specifying that LOCATION in-
cludes relative indicators like “nearby” improved
type-specific F1 by +32.6 points (see Table 8 in
Appendix D).

5.2 Understanding the Attention Patterns

The attention patterns reveal how JPT leverages
bidirectional context for disambiguation. In Fig-
ure 3, subword tokens “The,” “E,” “iff,” and “el”
in the second pass attend most strongly to “Tower”
and to the remaining subwords of their entity from
the first pass. This context appears after these to-
kens in the original sequence but becomes accessi-
ble through input duplication. This demonstrates
JPT’s core mechanism: incomplete tokens use the
first pass to “look ahead,” attending to complete
words and surrounding context that would other-

wise be masked. This lookahead enables accurate
entity boundary detection, correct type classifica-
tion, and disambiguation of ambiguous mentions,
allowing the model to form coherent entity repre-
sentations despite the underlying causal constraint.

5.3 Error Analysis
A comprehensive error analysis including bound-
ary detection errors, type confusion cases, and con-
trastive examples where SOTA baselines fail is pro-
vided in Appendix G.

6 Conclusion

We presented Just Pass Twice (JPT), a method en-
abling causal LLMs to perform discriminative to-
ken classification with bidirectional context via in-
put duplication. Combined with definition-guided
entity typing, JPT achieves state-of-the-art zero-
shot NER results while being over 20× faster than
generative alternatives. Our work demonstrates that
causal attention constraints need not limit LLMs
to generative approaches. The simplicity of our
method suggests applicability to other token-level
tasks beyond NER.

Limitations

• Sequence length: Input duplication doubles the
effective sequence length, increasing attention
complexity from O(N2) to O((2N)2), which
may pose memory constraints for long contexts.
In practice, this is mitigated by chunking long
documents into shorter segments that can be
batched together, a standard practice that JPT
supports efficiently since it operates entirely in
the parallel prefill phase.

• Flat NER only: JPT currently assigns one label
per token, so nested entities are not supported
and span boundaries depend on post-hoc merg-
ing of consecutive predictions. However, the
architecture could be extended to support nested
entities by using the sigmoid head’s independent
per-type probabilities (predicting multiple types
with probability > 0.5 for overlapping spans).

• Training data: Unlike prior zero-shot NER
methods that train on existing benchmark train-
ing splits, we use an entirely separate Wikipedia-
derived dataset with no overlap with any evalu-
ation benchmark. While common entity types
(e.g., PERSON, LOCATION) appear in our train-
ing data with different definitions, we validated



broad generalization across 20 diverse bench-
marks spanning biomedical, social media, and
multilingual domains.
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A Model Architecture and Training
Details

This section provides complete details on the JPT
architecture, training configuration, and hyperpa-
rameters.

A.1 Architecture Configuration
Table 5 summarizes the architecture for both model
variants. The base LLMs are frozen, with only
lightweight adapters and projection layers trained.

A.2 Classifier and Loss Details
While Section 3 describes classification using a
single bilinear scorer for simplicity, our implemen-
tation uses an ensemble of two classifiers for im-
proved calibration:

• Softmax head: Models mutually exclusive
token labels (including an explicit O-class).
Trained with cross-entropy loss, where the
O-class weight is reduced to wO = 0.25 to
handle class imbalance.

• Sigmoid head: Treats each entity type as an
independent binary decision. Trained with
focal loss (γ = 2.5, positive weight = 5.0)
to focus on hard examples and upweight rare
entities.

The two heads share the same projected token
and entity embeddings. Final predictions are ob-
tained by averaging their probability outputs. This
ensemble provides complementary strengths: the
softmax head yields decisive predictions while the
sigmoid head better handles rare entities. The core
method (input duplication + definition-guided typ-
ing) is independent of this design choice; the en-
semble improves F1 by 1–2 points over a single
softmax head.

A.3 Training Hyperparameters
Table 6 summarizes the training hyperparameters
used for both JPT-4B and JPT-8B.

B Training Data

This section describes the training corpus used to
train JPT, including dataset statistics, construction
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Component JPT-4B JPT-8B

Base LLM (Frozen)

Model Qwen3-4B Qwen3-8B
Hidden dim (dllm) 2560 4096
Layers / Attention heads 36 / 32 36 / 32

LoRA Adapters (Trained)

Rank (r) / Alpha (α) 32 / 64 128 / 256
Target modules q_proj, k_proj, v_proj, o_proj
Parameters ∼23.6M ∼122.7M

Projection MLPs (Trained)

Token MLP dllm →1024→dp dllm →1024→512→dp
Entity MLP denc →1024→dp denc →1024→512→dp
Shared dim (dp) 256 256
Parameters ∼14.7M ∼19.4M

Classifier (Trained)

Dual bilinear classifiers ∼131K ∼131K

Total trainable ∼38.8M (0.95%) ∼142.8M (1.71%)

Table 5: Detailed architecture configuration for JPT models. Only a small fraction of backbone parameters are
trained via LoRA adapters and lightweight projection heads.

Hyperparameter Value

Optimizer AdamW
Learning rate 5× 10−5

LR scheduler Cosine with warmup
Warmup ratio 10% of total steps
Effective batch size 8
Gradient accumulation 2
Training epochs 5
Max sequence length 4096
O-class weight (wO) 0.25
Entity class weight 1.0
Hardware 4× H100 GPU
Training time ∼1.5 hours

Table 6: Training hyperparameters used for both JPT-4B
and JPT-8B.

procedure, entity-type distribution, and representa-
tive annotated examples.

B.1 Dataset Statistics

Table 7 reports the main training dataset statistics,
including corpus size, token counts, and entity-type
diversity.

B.2 Dataset Construction

Our training data consists of natural text from
Wikipedia articles, sourced from the test parti-
tion of the DBpedia corpus in the TELEClass
benchmark (Zhang et al., 2025). Each pas-
sage is associated with a three-level hierarchi-
cal topic taxonomy from the DBpedia ontology,

Statistic Value

Total sentences 17,489
Total tokens 3,391,899
Total entity mentions 374,705
Unique entity types 5,009
Avg. sentence length 194.9 tokens
Entity/non-entity ratio 1:1.5

Table 7: Training dataset statistics.

progressing from broad categories (e.g., “agent,”
“place”) through intermediate concepts (e.g., “ath-
lete,” “natural_place”) to fine-grained types (e.g.,
“chess_player,” “mountain”)

We use Claude Sonnet 4.5 (with extended think-
ing) to automatically annotate these real passages
in two stages:

1. Type Generation: Given a passage and its
topic hierarchy, the model proposes domain-
appropriate entity types with definitions (e.g.,
“Athlete,” “Team,” “Stadium” for sports arti-
cles).

2. Entity Detection: The model identifies entity
spans in the text, followed by a gap-detection
pass to catch missed mentions.

For quality validation, Claude Opus 4.5 assesses
random samples across entity type appropriateness,
definition actionability, and extraction accuracy.
The resulting dataset comprises 17,489 training
examples with 5,009 entity types and 2,500 test
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Figure 4: Distribution of entity type frequencies in
training data. The long-tail distribution (71% of types
have ≤10 mentions, median=4) encourages the model
to leverage definition semantics rather than memorizing
patterns.

examples with 1,947 entity types.

B.3 Entity Type Distribution

Figure 4 shows a long-tailed entity type distribu-
tion, with most types occurring infrequently, en-
couraging reliance on definition-based generaliza-
tion rather than frequency-driven learning.

B.4 Training Examples

Figure 5 shows representative training examples
with fine-grained entity annotations.

C Prompt Template

Figure 6 shows the prompt structure used during
training and inference. Definitions are injected in
the user turn, providing the dual-channel signal
described in Section 3.3.

D Definition Engineering

This section provides guidance on crafting effective
entity definitions and demonstrates their impact on
recognition quality.

D.1 Impact of Definition Quality

Table 8 compares generic versus precise definitions.
Precise definitions that specify boundary cases and
provide examples yield substantial improvements.

D.2 Definition Writing Guidelines

Effective definitions should:
1. Specify inclusions and exclusions: What

counts and what doesn’t

2. Provide concrete examples: Representative
instances of the type

3. Address ambiguities: Clarify edge cases
(e.g., does “nearby” count as location?)

E Additional Ablations

This section presents additional ablation stud-
ies that analyze the effect of model scale and
parameter-efficient adaptation on JPT performance.
These experiments help characterize the trade-offs
between accuracy, model capacity, and inference
efficiency.

E.1 Impact of LLM Size
Table 9 examines the impact of the base LLM size
on performance and inference latency. Increasing
model size consistently improves token-level F1,
but the gains diminish as scale grows. This high-
lights a practical trade-off between accuracy and
efficiency, motivating the use of mid-sized back-
bones in resource-constrained settings.

E.2 Impact of LoRA Rank
Table 10 analyzes the effect of the LoRA rank on
performance. Increasing the rank improves token-
level F1, particularly when moving from frozen
backbones to low-rank adaptation, but yields di-
minishing returns at higher ranks.

F Attention Visualization

Figure 7 provides additional attention heatmaps
illustrating bidirectional information flow across
different sentence structures.

G Error Analysis

We analyze common failure modes of JPT on the
CrossNER and MIT benchmarks as well as custom
examples.

G.1 Boundary Detection Errors
We observe that the most common failure mode
of JPT involves boundary detection, where pre-
dicted spans partially overlap with the gold entities
(Table 11). These errors typically manifest as over-
extension or truncation of entity boundaries, often
due to nearby descriptive modifiers or appositional
phrases.

G.2 Entity Type Confusion
Figure 8 shows the entity-type confusion matrix,
highlighting systematic confusions between seman-
tically related categories.



Example 1: Sports Domain

“the men’s foil competition[COMPETITION] in fencing[SPORT] at the 2016 olympic games[EVENT] in rio de janeiro[CITY] was
held on 7 august[DATE] at the carioca arena 3[VENUE]. the medals were presented by paul tergat[PERSON], ioc[ORG] member,
kenya[COUNTRY]”

Example 2: Natural Disaster Domain

“the 2014 mae lao earthquake[EARTHQUAKE] occurred at 18:08:43[TIME] indochina time[TIMEZONE] on may 5[DATE]. the
epicenter was located 9 km[DISTANCE] south of mae lao district[DISTRICT], 27 km[DISTANCE] southwest of chiang rai[CITY],
thailand[COUNTRY]”

Example 3: Biographical Domain

“helga mühlberg-ulze[ATHLETE] is an east german[NATIONALITY] sprint canoeist[SPORTDISC] who competed in the
early to mid 1960s[TIMEPERIOD] . she won gold[MEDAL] (k-2 500m[RACECAT]: 1966[YEAR]) and two bronzes[MEDAL]”

Figure 5: Training examples showing fine-grained entity types across diverse domains. Entity spans are
underlined in blue with type labels in subscript. The dataset contains 5,009 unique entity types including domain-
specific categories like EARTHQUAKE, TIMEZONE, and RACECATEGORY.

Type Generic Definition Precise Definition ∆F1

LOCATION “A geographical place” “Any word indicating WHERE: explicit places
(NYC, downtown), relative indicators (nearby,
around, close by), directional phrases (east, south
side). Tag the location word itself.”

+32.6

PRICE “A monetary value” “Explicit monetary amounts ($50, 100 dollars)
AND qualitative price indicators (cheap, expensive,
budget-friendly, overpriced, pricey).”

+34.9

AMENITY “An available service” “A feature, facility, or service offered by a restaurant.
Includes: physical features (bar, parking), services
(delivery, reservations, takeout), atmosphere descrip-
tors (romantic, casual, family-friendly).”

+14.29

Table 8: Generic vs. precise entity definitions and their impact. F1 computed per-type on MIT Restaurant. Precise
definitions with boundary cases and examples dramatically improve recognition.

Model Params Token F1

Qwen3-1.7B 1.7B 92.4
Qwen3-4B 4B 93.9
Qwen3-8B 8B 94.1
Qwen3-14B 14B 94.5

Table 9: Impact of base LLM size on token-level F1
(private evaluation set). Larger models yield consistent
improvements, with diminishing returns beyond 8B pa-
rameters.

G.3 Failure Examples

Table 12 presents representative failure cases from
JPT-4B across diverse benchmarks. These ex-
amples illustrate three systematic error patterns:
type confusion between semantically related cat-
egories, missed entities in atypical contexts, and
over-predicted entities where plausible mentions
lack ground-truth annotations.

These failure modes suggest that errors primarily
stem from surface-form ambiguity and fine-grained

LoRA Rank Token F1

r = 0 (frozen) 82.0
r = 16 93.5
r = 32 (default) 93.9
r = 64 94.2
r = 128 94.5
r = 256 94.7

Table 10: Impact of LoRA rank on token-level F1 using
JPT-4B (private evaluation set). Adaptation is essential
(r = 0 drops 12 points), but returns diminish beyond
r = 32.

semantic overlap rather than lack of contextual un-
derstanding. Type confusions often occur between
closely related categories with overlapping defi-
nitions, missed entities frequently appear in de-
scriptive or adjectival forms, and over-predictions
arise when domain terms resemble entity mentions.
Refining type definitions and adding targeted train-
ing examples for ambiguous and rare constructions



<|im_start|>system
You are an information-extraction assistant.
Task: Perform Named Entity Recognition (NER) on the user-supplied text.
The user will give you the supported entity types and their definitions.
You will read the types and definitions to understand what each entity type means.
The user will give you the text twice in the format "The first time: ’actual text’ The second
time: ’actual text’".

Output Format: Output ONE annotated text with entities as <entity_text, ENTITY_TYPE>

Rules:
(1) Keep multi-word entities together;
(2) Only use provided types;
(3) Output once;
(4) No bare-noun labelling (e.g., don’t label "museum" unless part of proper name);
(5) Output types exactly as listed;
(6) Only label if clearly matches definition.
<|im_end|>

<|im_start|>user
Supported entity types (3): ["PERSON", "ORGANIZATION", "LOCATION"]
Entity type definitions:
- "PERSON": "A named individual, including fictional characters"
- "ORGANIZATION": "A company, institution, or group with a formal name"
- "LOCATION": "A geographical place such as a city, country, or landmark"
<|im_end|>

<|im_start|>assistant
I have read the definitions. Please provide the text in the format ’The first time: <text> The
second time: <text>’
<|im_end|>

<|im_start|>user
The first time: ’<Input_Sequence>’ The second time: ’<Input_Sequence>’
<|im_end|>

Figure 6: Complete prompt template for JPT. The system prompt specifies output format and labeling rules. Entity
definitions are injected in the first user turn, and the input text is duplicated with explicit markers in the second user
turn.

may reduce these errors.

G.4 SOTA Failures
Figure 9 provides contrastive disambiguation cases
in which JPT-4B correctly predicts all entity spans
and types, while GLiNER and UniNER exhibit
errors. These examples highlight the benefit of
definition-guided modeling for resolving polysemy
in context.
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Figure 7: Additional attention visualizations. Rows: second-pass tokens. Columns: first-pass tokens. The diagonal
pattern (self-attention across passes) combined with off-diagonal attention to context tokens demonstrates effective
bidirectional information flow.

Dataset Entity Type Gold Span Predicted Span
CrossNER-Science ORGANIZATION Virgo interferometer Virgo interferometer collaboration
CrossNER-Science ACADEMIC JOURNAL the Springer Series Complexity of the Springer Series Complexity
CrossNER-Politics POLITICAL PARTY Social Credit Party of Canada national Social Credit Party of
CrossNER-Music BAND Collective Consciousness Society The Collective Consciousness
CrossNER-Literature LITERARY GENRE Germany Romanticism Romanticism era
MIT-Movie TITLE the reflecting skin reflecting skin movie
MIT-Restaurant LOCATION within a mile a mile of here

Table 11: Representative boundary detection errors across CrossNER and MIT. JPT often predicts the correct
type and core mention but may over-extend or truncate spans when entities appear with modifiers, appositions, or
colloquial phrasing.
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Figure 8: Entity type confusion matrix aggregated across CrossNER and MIT. Most confusions occur between
semantically adjacent types (e.g., PER vs. ORG, LOC vs. COUNTRY, and POL_PARTY vs. POLITICIAN),
suggesting that errors often stem from fine-grained boundary cases and overlapping semantic definitions rather than
arbitrary label flips.



Example 1: Dutch Universities (organization - completely missed)

“This school initially consisted of nearly 200 faculty members and Ph.D. students from the Vrije Universiteit,
University of Amsterdam, Delft University of Technology, and Leiden University.”

Ground Truth: Vrije Universiteit, University of Amsterdam, Delft University of Technology, Leiden University →
ORGANIZATION
Model Errors:
GLiNER: Missed all four universities entirely
UniNER: Missed all four universities entirely
JPT: Predicted all entities correctly

Example 2: Canadian Political Parties (political party vs organization)

“In the 2006 Canadian federal election in Canada, the Liberal Party of Canada used attack ads against
Conservative Party of Canada leader Stephen Harper.”

Ground Truth: Liberal Party of Canada, Conservative Party of Canada → POLITICAL PARTY
Model Errors:
GLiNER: Missed both political parties entirely
UniNER: Over-predicted types for both parties (includes ORGANIZATION in addition to POLITICAL PARTY)
JPT: Predicted all entities correctly

Example 3: US Political Leaders (politician vs person)

“Lincoln replaced Buell with William Rosecrans; and after the 1862 and 1863 United States House of Representatives
elections he replaced McClellan with Ambrose Burnside.”

Ground Truth: Lincoln, Buell, William Rosecrans, McClellan, Ambrose Burnside → POLITICIAN
Model Errors:
GLiNER: Labeled all five as PERSON instead of POLITICIAN
UniNER: Mixed predictions per name due to multi-type outputs; includes PERSON in addition to POLITICIAN
JPT: Predicted all entities correctly

Example 4: Historical Sovereign State (country vs organization)

“The [attack] was part of the strategic bombing campaign waged by the United States of America against military and
civilian targets and population centers of the Empire of Japan during the Japan home islands campaign in the closing
stages of World War II.”

Ground Truth: Empire of Japan → COUNTRY
Model Errors:
GLiNER: Labeled as ORGANIZATION instead of COUNTRY
UniNER: Mixed predictions (includes ORGANIZATION in addition to COUNTRY)
JPT: Predicted all entities correctly

Figure 9: Examples from CrossNER Politics where our model correctly identifies fine-grained entity types.
GLiNER confuses adjacent categories (POLITICAL PARTY/ORGANIZATION, POLITICIAN/PERSON, COUN-
TRY/ORGANIZATION). Because UniNER is inferred per entity type, it is more prone to over-prediction (multiple
types per mention). Our model leverages type definitions to resolve these distinctions.

Error Type Dataset Text (excerpt) Gold Pred. Analysis

Type Confusion CrossNER-AI “NIST also differs from
Bilingual evaluation understudy in its cal-
culation. . . ”

METRICS CONFERENCE Acronym ambiguity

Type Confusion CrossNER-Politics “The provinces ceded to Augustus for that ten-
year period. . . ”

PERSON POLITICIAN Role vs. entity

Type Confusion CrossNER-Music “. . . on The Clash’s London Calling. . . ” ALBUM LOCATION Title–location ambiguity

Missed Entity CrossNER-AI “Rethink Robotics introduced Baxter as an
industrial robot. . . ”

PRODUCT (none) Descriptive form

Missed Entity CrossNER-Politics “growth in the Melanesian countries of Solomon
Islands. . . ”

LOCATION (none) Adjectival reference

Over-prediction CrossNER-AI “A frame language is a technology used for
knowledge representation. . . ”

(none) PROG. LANG. Over-generalization

Over-prediction CrossNER-Politics “reforms to the ALP under Gough Whitlam. . . ” (none) POL. PARTY Unannotated entity

Table 12: Representative JPT-4B error instances with context excerpts, gold labels, predictions, and diagnostics.
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