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Abstract

Efficient architectures for Entity Disambigua-
tion (ED) typically pair a dual encoder for can-
didate retrieval with a cross encoder for re-
ranking. While large language models (LLMs)
have recently emerged as powerful alternatives
for the ranking stage, their application remains
constrained by two primary factors: only a lim-
ited number of candidate entities can be pro-
vided within the model’s input context, and
invoking LLMs for every entity mention leads
to prohibitive computational cost.

In this work, we propose SELECTED!, a
confidence-guided hybrid framework for effi-
cient entity disambiguation. Our method uses
a dual encoder as a fast primary model and
selectively invokes an LLM only for uncer-
tain mentions. A central focus is the system-
atic study of selective LLM refinement, includ-
ing uncertainty estimation, thresholding, and
prompt design choices for balancing accuracy
and efficiency. Experiments on the ZELDA
benchmark show that selective prompting im-
proves accuracy by 4.3%, establishing a new
best result among directly comparable ZELDA-
trained systems while requiring LLM infer-
ence for only about 20% of mentions. More-
over, SELECTED surpasses full LLM prompt-
ing, suggesting that selective refinement can
avoid LLM-induced errors on high-confidence
mentions.

1 Introduction

Entity disambiguation (ED) is a fundamental task
in natural language processing, requiring models
to disambiguate mentions in text by linking them
to the correct entry in a knowledge base (KB).
Accurate entity disambiguation is necessary for
a wide range of downstream applications, includ-
ing information retrieval, question answering, and
knowledge base population, where even small dis-
ambiguation errors can significantly degrade sys-
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tem performance (Yamada et al., 2016; Ganea and
Hofmann, 2017).

Formally, given an input document with detected
mentions my, . . . , m, and a knowledge base £, ED
assigns each mention m; to the corresponding en-
tity e; € £. Following the standard ED evaluation
setting, we assume that mentions are given and fo-
cus on the disambiguation step. In retrieval-based
ED, a first-stage model typically produces a ranked
candidate list C; = (¢;1,...,¢; ) for each men-
tion. In our setting, the top-ranked candidate c; 1
is accepted directly for high-certainty mentions,
while the full top-k list C; is exposed to the LLM
only for mentions selected as uncertain.

Retrieval-based ED systems commonly use neu-
ral models such as dual encoders or cross encoders
to rank candidate entities based on contextual simi-
larity (Gillick et al., 2019; Wu et al., 2020; Procopio
et al., 2023; Wang et al., 2024). These approaches
achieve strong performance in many settings but
remain brittle when contextual cues are weak or
when multiple candidate entities are highly similar,
causing retrieval-based models to select incorrect
labels (Riicker and Akbik, 2025; Li et al., 2025).

Large language models (LLMs) offer a com-
plementary set of strengths. Their ability to rea-
son over context, incorporate world knowledge,
and resolve subtle ambiguities makes them attrac-
tive for ED (Xiao et al., 2023a; Ding et al., 2024;
Xin et al., 2025; Vollmers et al., 2025; Hou et al.,
2025). However, applying LLMs exhaustively to
all entity mentions is impractical for large-scale or
latency-sensitive systems due to their high infer-
ence cost and slow generation speed (Glentis et al.,
2025). Moreover, LLMs are not naturally suited
to tasks that require selecting an exact label from
extremely large candidate sets, as ED typically in-
volves knowledge bases containing thousands or
even millions of entities (Xin et al., 2025).
Hybrid approaches. Consequently, recent work
has explored hybrid approaches that combine
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Figure 1: Overview of SELECTED. All mentions are processed by the dual encoder to obtain initial predictions.
High-certainty predictions are accepted directly and used to enrich the document context, while low-certainty
mentions are routed to the LLM for candidate-based refinement. Numbered red annotations indicate the main design
choices studied in this work, including selection strategy, candidate set size and ordering, verbalization format and

LLM choice.

retrieval-based models with LLMs. In these sys-
tems, LLMs are typically used in one of two ways:
Either they are applied as deciders that select the
correct entity from a small candidate set provided
by some retrieval model or traditional candidate
lists. Or they are used as tools for enriching the
context of mentions (Ding et al., 2024; Liu et al.,
2024; Xin et al., 2025; Vollmers et al., 2025).

While these strategies can improve overall dis-
ambiguation accuracy, applying LLMs to all men-
tions remains costly when applied to large datasets
with many entity mentions. Further, as we show in
this paper, LLMs may in fact worsen performance
for straightforward entities that a base dual encoder
already correctly resolves.

Contributions. We propose SELECTED, a hy-
brid entity disambiguation approach that integrates
LLMs selectively, i.e. only for uncertain mentions
rather than all predictions (see Fig. 1). Our method
uses a dual encoder as a fast primary model to

generate candidate entities and certainty estimates,
which are then used to decide whether a mention is
resolved directly or refined by an LLM.

Our goal is not to train a new ED model, but
to study how a strong existing dual-encoder back-
bone can be improved at inference time through
selective LLM refinement. In particular, we system-
atically investigate design choices that determine
the accuracy—efficiency trade-off: certainty estima-
tion, thresholding strategies, candidate set size and
ordering, verbalization format, batching multiple
mentions per prompt, and the number of refinement
iterations.

Selective refinement offers two key benefits: it
reduces computational cost compared to full LLM
prompting and can even outperform it, as LLMs
may degrade predictions for high-certainty men-
tions already handled well by the dual encoder.

We conduct extensive experiments on the ZELDA
benchmark (Milich and Akbik, 2023) and three ad-
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ditional unseen ED benchmarks. Refining only
about one-fifth of mentions achieves a new best re-
sult among directly comparable ZELDA-trained sys-
tems, and yields consistent improvements over the
backbone on the additional datasets while requiring
substantially fewer LLM calls than full prompting
and other reported LLM-based ED systems with
available routing statistics.
In summary, our contributions are:

* We introduce a certainty-guided hybrid en-
tity disambiguation (ED) framework that uses
LLMs only selectively for secondary ranking.

* We present a systematic study of selective
LLM refinement for ED, including confidence
estimation strategies, thresholding methods,
and efficiency-aware prompt construction.

* We evaluate our approach on diverse
ED benchmarks and achieve a strong
accuracy-efficiency trade-off, outperforming
full prompting while requiring LLM inference
for only a small fraction of mentions.

2 SELECTED: A Hybrid Strategy

Our approach, illustrated in Fig. 1, follows a
candidate-based ED setup. For each mention, a
dual encoder first retrieves and scores the top-k
candidate entities. SELECTED then either accepts
the dual encoder’s top prediction directly or for-
wards the mention and its candidate set to an LLM
for refinement, depending on a selection criterion.
The main design choices, marked in read in Fig. 1,
are therefore: (i) how many candidates to provide,
(i1) how to decide whether a mention is uncertain,
(iii) how to verbalize candidates and context, and
(iv) how to batch and iterate LLM calls.

2.1 Dual Encoder for Primary Prediction

We use the VerbalizED dual encoder (Riicker and
Akbik, 2025) as our primary entity disambiguation
model. It consists of a mention encoder, which
embeds a mention with its context, and a label
encoder, which embeds knowledge base entries.
Both are projected into a shared embedding space,
enabling efficient inference via precomputed label
embeddings and similarity scoring. The base model
uses Euclidean distance as similarity measure. To
obtain a more intuitive score where higher values
indicate better matches, we instead use its negative.

We use this released backbone without ad-
ditional retraining. This isolates the effect of

inference-time selective refinement: Any gains
over the backbone come from routing and LLM-
based re-ranking rather than from training a
stronger retriever.

Each prediction thus yields a similarity score
used as a certainty signal to distinguish high- from
low-confidence cases, determining whether it is
accepted or forwarded to the LLM. As shown in
Fig. 1, “Nyjer Morgan” is resolved with high cer-
tainty, while “Jose Reyes” yields similarly scoring
candidates (see Initial Predictions and Uncertain
Predictions), marking it as uncertain and triggering
LLM refinement.

2.2 LLM for Selective Refinement

As dual encoders handle straightforward cases well,
we invoke an LLM only for low-certainty cases.

Selective Invocation. We split dual encoder pre-
dictions into certain and uncertain cases. Certain
predictions are accepted directly, while uncertain
ones are forwarded to the LLM. The notion of cer-
tainty and the selection criterion is a key design
choice. In Fig. 1, a fixed similarity threshold is
used. We also explore multiple alternatives such as
top-candidate score gaps in Sect. 3.3.

Candidate-based Prediction. The LLM receives
a prompt? (Fig. 1, green Prompt box) containing
the document text and a small candidate set for
each selected mention. The candidate set consists
of the top-k predictions by the dual encoder. Each
candidate label is accompanied by a descriptive ver-
balization from the label verbalization dictionary
which is derived from the KB. For instance, the
entity “Jose_Javier_Reyes” is verbalized as “Fil-
ipino writer and director for film and television™.
The task is framed as multiple choice. While the
LLM is only queried for uncertain mentions, we
enrich the input with context from high-confidence
predictions by inserting their verbalizations into
the document (Fig. 1, Original Text — Text after
Insertion). As shown in App. E, this yields a small
average improvement. The LLM then selects the
best candidate (or abstains), producing the final pre-
diction. Hyperparameters such as candidate size
and verbalization choice are discussed in Sect. 3.
Since the LLM is restricted to the retrieved can-
didate set, the approach is bounded by the recall
of the dual encoder: If the correct entity is absent
from the top-£ candidates, the LLM cannot select
it and can only abstain. This is a general limitation

The prompt template is shown in Table 17.
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of retrieve-and-rank ED systems, and we analyze
such cases in App. G.

Iterative Refinement. Uncertain mentions are
processed iteratively, grouped by certainty and re-
solved from higher to lower confidence. After
each iteration, resolved mentions are verbalized
and inserted into the document, progressively en-
riching context and improving disambiguation of
more challenging cases.

The original VerbalizED model (Riicker and
Akbik, 2025) also introduced an iterative vari-
ant that re-predicts uncertain mentions after in-
serting verbalizations from already resolved men-
tions. SELECTED adopts the general idea of using
resolved mentions as additional context, but dif-
fers in the refinement step: VerbalizED reuses the
same dual encoder with a fixed heuristic, whereas
SELECTED routes selected mentions to an exter-
nal LLM. Beyond this architectural difference, our
work systematically studies different routing and
prompting choices.

Studied Design Decisions. The resulting design
choices, highlighted by the red numbers in Fig. 1,
include candidate set size, candidate ordering,
verbalization format, routing criterion, selection
threshold, number of mentions per prompt, and
number of refinement iterations. We study these
choices in Sect. 3.

3 Systematic Study of Design Choices

The central challenge in our selective ED approach
is determining when LLM refinement is beneficial
and how candidate information can be presented
efficiently. We therefore study the design choices
introduced in Sect. 2 and derive a configuration
that aims to balance accuracy and computational
cost. We first describe the tuning setup, including
datasets, evaluation metrics, and efficiency mea-
sures, before analyzing each design choice.

3.1 Experimental Setup

Tuning Procedure. Instead of an exhaustive grid
search of all hyperparameters — which is pro-
hibitively expensive due to repeated LLM infer-
ence — we adopt a sequential tuning strategy. Hy-
perparameters are ordered by expected impact and
optimized one at a time, while keeping remaining
parameters fixed at either their default or previously
selected best values. All experiments in this sec-
tion use the Gemini 2.5 Flash-Lite model (Google
DeepMind, 2025a) as the LLM component. We

report the most relevant results and decisions in the
main text, with detailed analyses in App. A.

Dataset. We evaluate on the ZELDA benchmark
(Milich and Akbik, 2023), which standardizes train-
ing data and entity vocabularies to address incon-
sistencies in prior ED setups. It contains 95,000
Wikipedia paragraphs for training (2.6M mentions
across ~822k entities) and nine test splits cover-
ing diverse domains and text styles. These in-
clude AIDA-B (Hoffart et al., 2011) (news articles),
TWEEKI (Harandizadeh and Singh, 2020) (tweets),
REDDIT-POSTS and REDDIT-COMMENTS (Botzer
et al.,, 2021), WNED-WIKI and WNED-CWEB
(Guo and Barbosa, 2017), as well as the three
SHADOWLINKS datasets (Provatorova et al., 2021),
which evaluate robustness to overshadowing: TOP
contains easy cases where the most frequent entity
is correct, SHADOW contains difficult overshad-
owed mentions, and TAIL focuses on rare entities.

ZELDA does not provide a dedicated devel-
opment set. Since the underlying dual encoder
was already trained on ZELDA, using parts of
the training data for tuning was undesirable.
We therefore select hyperparameters on five of
the nine ZELDA test splits: SHADOWLINKS-
SHADOW, SHADOWLINKS-TAIL, AIDA, REDDIT-
COMMENTS, and TWEEKI. We acknowledge that
this is not a fully held-out tuning setup and treat it
as a limitation. The final evaluation (Sect. 4) ap-
plies the selected configuration to all ZELDA test
sets. To assess transfer beyond the tuning subsets,
we additionally evaluate the fixed configuration
without further tuning on three external datasets:
MSNBC (Cucerzan, 2007), AQUAINT (Milne and
Witten, 2008), and ACE2004 (Ratinov et al., 2011).
We further test the same parameter setting across
multiple LLMs (Sect. 3.6) and use a different LLM
for the final evaluation than for parameter selection.

Evaluation Metrics. We report mention-level ac-
curacy, i.e., the proportion of correctly linked men-
tions, per dataset and as a macro-average. For com-
parability, we use the same ZELDA-derived label
set as Riicker and Akbik (2025). Efficiency is mea-
sured via total LLM token usage (input + output)
as a model-agnostic proxy for inference cost.

3.2 Candidate Set Size

This parameter controls how many candidate labels
the LLM receives per mention, taking the top-k
predictions from the dual encoder. Increasing k
can improve accuracy by including the correct en-
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Accuracy % Efficiency Selection Strategy Type Bestt Acc. % Spans %

k SELECTED LLM (Ref.) Tokens Rel. A Top-1 Sim Rel. 0.7 82.76 30.00

2 80.59 56.61 476,632 — Abs. 22 83.30 2550

3 80.86 57.89 476,653 0.0 [Top: — Topz| Rel. 0.75 83.75 25.00

5 81.29 59.95 488,002 2.3 1 — 20p2 Abs. 1 84.83  19.36

7 81.35 60.22 508,285 6.6 Combination Rel. 0.75 83.26 25.00
10 81.47 60.83 539,288 13.1
15 81.47 60.83 598,443 25.6 Table 2: Threshold results for selection strategies. Bold
20 81.42 60.59 655,963 37.6

Table 1: Mean (across datasets) accuracy and accuracy
on LLM-refined cases for varying candidates (k). Bold
and underlined indicate 1st and 2nd best. Efficiency
shows total token count and increase relative to k = 2.

tity when it is not top-ranked, but may also intro-
duce more incorrect options. We evaluate several
top-k values. The effect varies: higher k helps on
challenging datasets, but can slightly reduce perfor-
mance on easier datasets where the top prediction
is usually correct.

Overall, the differences remain modest. As
shown in Table 1, the best average accuracy is ob-
tained with top-k = 10 or top-k = 15 (81.5% overall
accuracy, 60.8% on the refined cases). However, as
the latter requires substantially more tokens, we fix
a top-k value of 10 candidates.

3.3 Selection Strategy and Threshold

The selection strategy and threshold determine
which mentions are sent to the LLM, trading off ac-
curacy and efficiency: More mentions increase po-
tential for resolving challenging cases, while fewer
reduce cost but may leave ambiguities unresolved.
We evaluate the following strategies:

» Top; Similarity: Selection is based on the
similarity score of the top candidate (i.e., neg-
ative Euclidean distance between mention and
predicted label embeddings). We test a "rel-
ative" threshold (marking the lowest n% of
spans as uncertain) and an "absolute" thresh-
old (selecting spans below a fixed score ).

e Candidate Similarity Difference: Rather
than considering the similarity of the top-
ranked candidate alone, we consider the top 2:
If both candidates are nearly equally likely
options, we interpret this as a sign of uncer-
tainty. Selection is based on the Top;—Top;
similarity difference, using either a relative
threshold (smallest n% of differences) or an
absolute threshold (below a fixed value).

* Combination: Select spans with either low
Top; similarity or small candidate difference.

and underlined values indicate 1st and 2nd best results.

We performed a grid search to evaluate all se-
lection strategies at various threshold values. We
summarize the best configurations in Table 2. The
absolute thresholds outperform the relative ones,
suggesting that allowing the number of prompted
spans to vary across datasets — prompting more
spans for challenging datasets and fewer for easier
ones — leads to better overall performance®. More-
over, the score difference between top candidates
is a more reliable certainty signal than the Top;
score alone. Best results are obtained with an abso-
lute candidate difference threshold of 1 (84.83%
accuracy), which also forwards the fewest spans
(19.4%) to the LLM, indicating effective identifica-
tion of cases where refinement is beneficial®.

3.4 Verbalization Strategy

The verbalization strategy defines what information
about candidate entities is shown to the LLM and
what information from already resolved entities is
inserted into the document (see Text after Inser-
tion in Fig. 1). We evaluate options from simple
entity names to richer descriptions and category
information from the KB (example in Table 11).
Full results are reported in App. A.2 and Ta-
ble 12. The highest accuracy (83.83%) is achieved
using both descriptions and categories, while cate-
gories alone perform nearly identically (83.80%).
However, the richer setting requires substantially
more tokens. Given our focus on efficiency, we thus
adopt the categories-only strategy, which reduces
token usage with negligible impact on accuracy.

3.5 Additional Hyperparameters

Number of Iterations. Our iterative refinement
processes uncertain mentions in multiple passes,
allowing context to accumulate. We evaluate dif-
ferent numbers of iterations (App. A.3, Table 13).
While accuracy improves slightly with more itera-

3Full results per strategy are reported in App. A.1.
*A dataset-level threshold sensitivity plot for this final
strategy is shown in App. A.1, Fig. 3.
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tions, gains beyond two are minimal but increase
runtime. We select two iterations as the best accu-
racy—efficiency trade-off.

Candidate Ordering. Candidate order can influ-
ence LLM decisions (Pezeshkpour and Hruschka,
2024; Zheng et al., 2024). We compare descending
similarity with random ordering. Sorting improves
accuracy by 2.5 points (App. A.4, Table 14), in-
dicating that the LLM benefits from the ranking
signal. We therefore use similarity-based order.

Number of Spans per Prompt. To reduce LLM
calls, we group multiple mentions into a single
prompt, enabling shared context reuse. While
larger prompts increase complexity, this reduces
invocation overhead. Best accuracy is achieved
with five mentions per prompt (83.83%; App. A.S5,
Table 15), with similar results for 2—3 mentions.
Since five also minimizes token usage (79.43% vs.
single-mention prompts), we select five mentions
per prompt.

3.6 Choice of LLM

After determining the hyperparameter configura-
tion using Gemini 2.5 Flash-Lite (Google Deep-
Mind, 2025a), we evaluate several alternative
LLMs for the refinement module, including both
API-based models (OpenAl and Google) and lo-
cally hosted models. Full results are reported in
App. B and Table 16. Overall, stronger LLMs tend
to improve disambiguation accuracy. Gemini 2.5
Pro achieves the highest average accuracy, closely
followed by GPT-5 mini, but requires substantially
more tokens. Considering accuracy and efficiency,
we select GPT-5 mini (OpenAl, 2025).

3.7 Final Configuration

To summarize, we fix the configuration as in Table
3 and use it for all experiments in Sect. 4.

Parameter Value

Candidate set size Topio

Selection strategy Absolute Candidate Sim. Diff. @1.0
Verbalizations Categories only

Nr. of iterations 2

Candidate order ~ Sorted

Spans per prompt 5

LLM GPT-5 mini

Table 3: Final configuration selected from the system-
atic design study.

4 Experimental Results and Analysis

We evaluate SELECTED using the fixed configura-
tion from Sect. 3, comparing against prior state-of-
the-art methods on ZELDA and additional datasets,
and provide ablations of individual components.

4.1 Experimental Setup

Comparable ZELDA-trained Systems. We com-
pare our approach against several previously re-
ported systems on the ZELDA benchmark to en-
sure direct comparability. Specifically, we include
FEVRY (Févry et al., 2020), a direct classification-
based approach, LUKE (Yamada et al., 2022), a
global entity disambiguation model, and GENRE
(De Cao et al., 2021), a model that directly gen-
erates the target entity title, restricted by mention-
specific candidate lists. We further report the num-
bers for the BLINK dual encoder approach (Wu
et al., 2020), retrained on ZELDA by Riicker and
Akbik (2025), and FusionED (Wang et al., 2024),
an encoder—decoder architecture that integrates en-
tity descriptions with candidate representations.

We include the base and iterative VerbalizED
variants (Riicker and Akbik, 2025) as well as report
results for the checkpoint used as our backbone
(Dual Enc. (VerbalizED)) to better compare gains
from our selective LLM refinement (SELECTED).
Reference Numbers. We further compare against
prominent ED systems that were trained on differ-
ent datasets and only report on a subset of ZELDA’s
benchmarks. This includes the original dual and
cross encoder variants of BLINK (Wu et al., 2020),
ChatEL (Ding et al., 2024) (a full LLM prompt-
ing approach), and ARTER (Li et al., 2025), which
trains a routing model to classify mentions as “easy’
or “hard” and invokes an LLM only for the latter.
As these models differ in training data and entity
vocabularies (i.e., the set of available labels), re-
sults should be interpreted with caution.

’

4.2 Results

Results are shown in Table 4. On average,
SELECTED achieves 84.5% accuracy, establish-
ing a new best result among directly comparable
ZELDA-trained systems. It outperforms both the
base VerbalizED model and its iterative variant.
While the latter also revisits uncertain mentions, in-
corporating verbalizations from already predicted
ones, it relies solely on repeated dual encoder pre-
dictions rather than SELECTED’s selective LLM
refinement. SELECTED also surpasses both the
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Trained RED.- RED.- WNED- SLINKS SLINKS SLINKS
Method on AIDA  TWEE. Posts ComM. CWEB WIKI TAIL ~ SHAD. Top Avg
Models Trained on ZELDA (Directly Comparable)
BLINK gual encoder only Z Z 65.5 T72.1 83.1 79.1 58.1 73.1 96.3 41.8 42.6 68.0
FEVRY Z 795 769 89.0 86.5 70.3 84.5 87.6 31.9 47.7 | T2.7
LUKE Z 81.2 779 81.5 78.5 70.3 76.5 98.0 22.5 51.8 71.0
GENRE Z 78.6  80.1 92.8 91.5 73.6 88.4 99.6 37.3 52.8 77.2
FusionED Z 80.1 814 93.9 92.3 73.6 89.0 98.3 41.5 57.9 78.7
VerbalizED Z 82.6 789 89.2 86.2 69.8 91.4 98.6 65.3 67.0 | 81.0
+ iter. prediction Z 88.2 789 92.2 88.4 71.5 90.8 98.2 66.3 65.9 | 823
Proposed Approach
Dual Enc. (VerbalizED) Z 80.2 T7.2 89.0 85.2 69.4 91.0 98.6 65.3 65.8 80.2
SELECTED ¢pr1-5 mini Z 844  81.6 90.0 88.0 71.5 92.1 98.7 77.0 77.0 84.5
Other Training Data / Partial Evaluations (Not directly Comparable)
BLINK dual encoder only B 80.6 77.3 90.8 87.8 68.2 79.8 97.9 50.1 57.3 76.6
BLINK dyal+cross encoder B 84.2 824 92.8 91.2 77.3 82.3 99.2 64.8 74.2 83.2
ChatELGpr.3.5 Funl B+CL 82.1 — — — 71.1 77.1 — — — —
ARTERCaude 3.550n. el Wiki+A  85.5 — — — 70.4 83.6 — — — —
ARTERClaude 3.5 Son. Ful ~~ Wiki+A  86.3 — — — 70.7 83.5 — — — —

Table 4: ZELDA benchmark results (Accuracy %). Shaded rows denote our methods. The bottom section reports
results not directly comparable due to different training data and label sets (B: BLINK; B+CL: ChatEL uses BLINK
and candidate lists; Wiki+A: ARTER uses ReFinED pretrained on Wikipedia and fine-tuned on AIDA). In the top
section, bold and underlined values indicate 1st and 2nd best results among directly comparable ZELDA-trained
models. The bottom section is included for context: These systems differ in training data, label sets, and/or
refinement model, and therefore cannot be compared directly.

. . RED.- RED.- WNED SLINKS SLINKS SLINKS
Metric Variant AIDA TWEE. POSTS COMM. CWEB WIKI TAIL SHAD. Top Avg
Acc. % Selective 84.62 81.81 9047 88.38 71.60 91.55 98.59 72.20 75.22 | 83.83
*” Full-Prompting 82.78  79.38  84.14 84.06 67.57 85.40 94.22 72.78 77.21 | 80.84
Tokens Selective 713k 120k 71k 70k  3.5M 530k 10k 186k 199k | 607k
Full-Prompting  2.2M 451k 358k 325%k  9.1M  33M 526k 539k 544k | 1.9M

Table 5: Comparison of accuracy and token usage between selective and full prompting. Selective LLM usage
significantly reduces cost while maintaining or improving performance on most datasets. Bold and underlined
values indicate 1st and 2nd best accuracy. Token counts are rounded for readability.

original and the ZELDA-retrained BLINK dual en-
coder. Although FusionED remains highly compet-
itive and achieves the best scores on 3 of 9 datasets,
SELECTED shows clear advantages on the more
challenging SHADOWLINKS subsets.

Although these systems are not evaluated under
the directly comparable ZELDA-trained setup, the
reported ChatEL and ARTER results provide ad-
ditional context on the datasets where all systems
report results (AIDA, CWEB, WNED-WIKI). This
comparison is notable because ChatEL prompts
all mentions and ARTER prompts approximately
35.5%, while SELECTED prompts only 19.3% of
mentions”.

Additional comparisons on MSNBC, AQUAINT,
and ACE2004 are provided in App. F, Table 20.
These datasets are not used during parameter se-
lection and therefore serve as robustness tests for

5The row ARTER Claude.3.5 son. Full Teports their reference for
full LLM usage.

the fixed SELECTED configuration. Across all
three datasets, SELECTED consistently improves
over its VerbalizED backbone. The results are in
a similar range to reported ChatEL and ARTER
numbers, while SELECTED prompts only 24% of
spans compared to 100% and 44%, respectively.
However, we do not claim state-of-the-art perfor-
mance on these datasets. The strong BLINK cross-
encoder, which relies on routing all mentions to
an expensive cross-encoding step, remains best-
performing. Direct comparisons are affected by
differences in training data, label sets, and refine-
ment architectures.

For further insights into LLM-induced changes
and qualitative examples of corrections and errors,
see App. G and Table 23.

4.3 Ablation: Comparison to Base Model

The gray rows in Table 4 show our base dual en-
coder and the full system with selective LLM re-
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finement. Across datasets, SELECTED improves
average accuracy by 4.3 points over the base model.
Additional details are provided in App. D and Ta-
ble 18, which per dataset reports token usage, the
share of spans forwarded to the LLM, and accuracy
gains on refined cases. On this subset, improve-
ments are substantially larger (14.5 points on aver-
age). Overall, only 20% of mentions are forwarded
to the LLM, showing that selective refinement im-
proves performance while limiting LLM usage.

4.4 Ablation: Selective vs. Full Prompting

We analyze the impact of selectively prompting the
LLM only for uncertain dual encoder predictions
by comparing it to a variant that prompts the LLM
for all mentions®.

Selective prompting outperforms full prompting.
Table 5 reports accuracy and token usage for both
settings. Surprisingly, selective prompting outper-
forms full prompting on average (83.83 vs. §0.84)
while using substantially fewer tokens. Given the
stark disparity in model size between the LLM and
the encoder model (220M parameters7), this find-
ing may be considered counterintuitive. To better
understand this effect, we group mentions by the
same criterion used for selection (candidate similar-
ity difference) and compare LLM vs. dual encoder
performance across certainty buckets. Figure 2
plots the resulting accuracy differences between the
LLM and the dual encoder across certainty buckets,
both overall and for three representative datasets.
Dual encoder beats LLLM on high-certainty men-
tions. The LLM improves performance on am-
biguous mentions (low-certainty buckets), with the
largest gains for the most uncertain cases. How-
ever, it degrades performance for high-confidence
dual encoder predictions, where correct predictions
are sometimes changed to incorrect ones in the
multiple-choice setting. A similar effect is reported
by Xin et al. (2025), who find that using an LLM
as a universal reranker degrades the performance
of their underlying base ED model. This highlights
that selective routing is crucial and explains why
selective prompting outperforms full prompting.

5 Related Work

Entity disambiguation (ED) is a long-standing prob-
lem in natural language processing. Early ap-

®We use Gemini 2.5 Flash-Lite instead of GPT-5 mini in
this ablation to avoid high cost when prompting all mentions.
"Both encoders use bert-base-uncased (Devlin et al.,
2019) as the backbone, each consisting of 110M parameters.

0.4 Dataset
—— AIDA
reddit-comments
— cweb
N -+~ Avera
N ge
A}

Accuracy difference (LLM - DE)

Score Difference in buckets of size 0.25

Figure 2: Accuracy difference between the LLM and
the dual encoder (DE) across certainty levels for three
ZELDA test sets. Spans are grouped by the similarity
difference between the top two candidates (smaller val-
ues indicate higher ambiguity). Positive values indicate
higher LLM accuracy, negative values dual encoder su-
periority. The average is computed over all 9 test sets.

proaches relied on heuristic features, graph-based
methods, and global inference across documents
(Ganea and Hofmann, 2017; Le and Titov, 2018;
Yang et al., 2018).

Retrieval-based ED. More recently, research has
shifted toward neural architectures, particularly
retrieval-based models that scale effectively to large
knowledge bases (Wu et al., 2020; De Cao et al.,
2021; Yamada et al., 2022; Ayoola et al., 2022;
Atzeni et al., 2023). Many modern ED systems
follow a two-stage pipeline consisting of candidate
retrieval followed by candidate ranking (Yang et al.,
2019; Wu et al., 2020; Yamada et al., 2022; Proco-
pio et al., 2023). To reduce the search space, many
systems rely on fast retrieval models or candidate
lists or alias tables that map mentions to a small set
of potential entities (Ganea and Hofmann, 2017;
Le and Titov, 2018; Yamada et al., 2022; Procopio
et al., 2023; Wang et al., 2024).

Many systems further apply a cross encoder to
rank retrieved candidates by jointly encoding men-
tion context and candidate descriptions (Wu et al.,
2020; Liu et al., 2023). Cross encoders capture
richer interactions but are costly for large candi-
date sets. Alternatives like FusionED (Wang et al.,
2024) use encoder—decoder interactions. Our work
builds on the efficient dual encoder paradigm while
addressing low-certainty cases.

LLMs for ED. Recent work leverages LLMs for
entity disambiguation, using their reasoning and
world knowledge (Xu et al., 2023; Liu et al., 2024;
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Zhou et al., 2024; Ding et al., 2024). A common ap-
proach frames ED as a multiple-choice task where
the LLM selects the correct entity from a candi-
date list (Ding et al., 2024, 2025; Hou et al., 2025;
Wang et al., 2025). Other work uses LLMs to aug-
ment mention context rather than make the final
prediction (Xin et al., 2025; Vollmers et al., 2025).
While effective in ambiguous cases, these methods
increase computational cost and risk hallucinations.
Fully LLM-based ED is also hard to scale due to
high inference costs (Glentis et al., 2025). In con-
trast, our approach invokes LL.Ms selectively for
uncertain predictions.

Hybrid and Multi-Stage Approaches. Recent
work integrates LLLMs as rerankers or for context
augmentation (Xin et al., 2025; Vollmers et al.,
2025). Interestingly, Xin et al. (2025) observe that
full LLM reranking often performs poorly.

A closely related framework is ARTER (Li et al.,
2025), which routes mentions by predicted diffi-
culty and forwards harder cases to an LLM. We
follow the same broad principle, but our approach
differs in two ways. First, it does not train an ad-
ditional router. Instead, it uses uncertainty signals
already produced by the dual encoder. Second, our
focus is a systematic design study of selective LLM
refinement, including routing criteria, thresholding,
candidate set size and ordering, verbalization for-
mat, batching, iterations, and LLM choice. This
makes our work complementary to ARTER and to
earlier hybrid systems.

Contextual, Document-Level ED. Document
context is crucial for resolving ambiguities. Prior
work leverages global inference, coherence signals,
or iterative methods across multiple mentions, us-
ing previously resolved ones as input for later pre-
dictions (Ganea and Hofmann, 2017; Le and Titov,
2018; Yang et al., 2018, 2019; Provatorova et al.,
2022; Yamada et al., 2022; Oba et al., 2022; Xiao
et al., 2023b; Riicker and Akbik, 2025). We achieve
a similar effect via iterative contextual verbaliza-
tion: high-certainty predictions are inserted into
the document to aid disambiguation of uncertain
mentions. The LLM prompt always includes the
full document, providing access to global context.

6 Conclusion

We introduced SELECTED, a certainty-guided hy-
brid framework for entity disambiguation that com-
bines a fast dual encoder with selective LLM refine-
ment. By invoking the LLM only for low-certainty

mentions, our approach addresses limitations of
retrieval-based models in ambiguous cases while
remaining computationally efficient. We further
conducted a systematic study of key design choices
for efficient selective refinement, including rout-
ing strategies and prompt design aspects such as
candidate ordering and mention batching.

Extensive experiments on ZELDA show that
SELECTED improves accuracy by 4.3%, estab-
lishing a new best result among directly compara-
ble ZELDA-trained systems, while requiring LLM
prompting for only around 20% of mentions. Ad-
ditional experiments on MSNBC, AQUAINT, and
ACE2004 show that the selected configuration
transfers beyond the tuning subsets, improving over
the dual-encoder backbone while prompting only a
minority of mentions. Compared to full prompting,
selective refinement achieves higher accuracy with
substantially lower token usage.

Limitations

While our approach demonstrates significant im-
provements in entity disambiguation, several limi-
tations remain that offer avenues for future work.

Fixed backbone and no fine-tuning. Our experi-
ments use the released VerbalizED dual encoder as
the backbone and focus on inference-time selective
LLM refinement without additional model training.
This setup allows us to isolate the effect of routing
and LLM refinement on top of a strong ED model,
but our conclusions may partly depend on the back-
bone’s similarity signal and candidate recall. We
leave evaluations with additional dual encoders and
task-specific fine-tuning to future work. Such ex-
tensions could include smaller or fine-tuned LLMs,
learned confidence estimators, jointly trained rout-
ing models, or end-to-end systems integrating re-
trieval, routing, and disambiguation.

Partial hyperparameter selection on benchmark
test sets. Hyperparameter selection is performed
on subsets of the ZELDA test sets due to the absence
of a dedicated development split. While we miti-
gate this by evaluating the final setting on all test
sets as well as on additional unseen benchmarks,
and experimenting with different LLMs using the
same fixed parameters, this setup may still intro-
duce some overfitting to the selected subsets.

Constrained parameter search. Due to compu-
tational cost, we do not perform an exhaustive com-
binatorial search over all design choices (e.g., num-
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ber, verbalization and ordering of candidates, selec-
tion threshold). Instead, we use a sequential tuning
strategy on ZELDA. Although not exhaustive, the
resulting configuration transfers well across multi-
ple LLMs and yields competitive results on addi-
tional benchmarks (App. F) while reducing token
usage. We did not explore additional signals from
the dual encoder directly into the prompt, such as
raw similarity scores or candidate score margins.

Potential LLM training data overlap. As with
most LLM-based systems, the training data of the
underlying LLM is not fully transparent and may
overlap with common ED benchmarks. This limi-
tation affects all LLM-based methods considered
in this work equally.

Problems of comparability. Some compared
systems are not fully aligned with the standard-
ized ZELDA setup, including differences in train-
ing data, label sets, architectures, and refinement
modules. We therefore treat Table 4 primarily as
an accuracy comparison under comparable bench-
mark conditions for the ZELDA-trained systems.
The reported percentages of refined spans provide
a proxy for second-stage usage, but they are not
a direct inference-cost comparison across systems
with different refinement modules.

English-only evaluation. All experiments are
conducted on English datasets, without evaluating
multilingual or cross-lingual settings. While we
cover diverse English benchmarks (nine ZELDA
splits plus three additional datasets), further work
is needed to assess cross-lingual generalization. Fu-
ture directions include extending selective routing
to multilingual ED and evaluating whether uncer-
tainty signals behave similarly across languages.

Retriever recall, abstention, and NIL predic-
tions. Since SELECTED refines only the candi-
dates retrieved by the dual encoder, its maximum
accuracy is bounded by retriever recall: If the gold
entity is absent from the top-k candidates, the LLM
cannot select it. This is a standard limitation of
retrieve-and-rank ED systems. SELECTED should
be viewed as an accuracy—efficiency improvement
over a strong retriever rather than a general solution
to all difficult ED cases.

We provide a limited analysis of these cases
by reporting how often the gold label is absent
from the top-k candidates and how often the model
selects the “None of the above” (NOTA) option
(Appendix G, Tables 21, 22, and 24). However,

our benchmarks do not contain genuine NIL cases,
where no valid label exists in the underlying la-
bel set. A systematic study of true NIL prediction,
abstention strategies, and uncertainty calibration
therefore remains important future work.

Ethical Considerations

While SELECTED aims to improve entity disam-
biguation efficiently, several ethical considerations
remain. Like any method leveraging LLMs, it in-
herits limitations from both the model and the un-
derlying data. The LLM itself may reproduce so-
cietal biases, such as gender, nationality, or occu-
pation stereotypes, and favor frequent entities over
less common ones (Chen et al., 2021; Provatorova
et al.,, 2021). Similarly, human-written label de-
scriptions and knowledge bases may contain errors
or biases, which can disproportionately affect rare
or underrepresented entities.

For all systems that involve LLM API calls, envi-
ronmental impact should be considered. A key ad-
vantage of SELECTED is its selective LLM usage:
only the most uncertain mentions are prompted,
reducing token usage, lowering environmental im-
pact, and limiting exposure to potential biases. Nev-
ertheless, caution is required in high-stakes or sen-
sitive domains, such as medical texts where confi-
dential information is present. Sending such data to
external LLMs risks privacy breaches, and misclas-
sifications or biased predictions could have serious
real-world consequences.
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Appendix

This appendix provides additional experimental
details and results. Sect. A reports the complete re-
sults for the hyperparameters that were summarized
in Sect. 3. Sect. B presents the full comparison of
LLMs discussed in Sect. 3.6, and Sect. C includes
the prompt used for our LLM component.

Sect. D provides a per-dataset comparison be-
tween the base dual encoder and selective LLM re-
finement, including accuracy gains, the proportion
of spans forwarded to the LLM and token usage.
Sect. E contains an additional ablation study analyz-
ing the impact of verbalizations. Sect. F includes
more results for the comparison to BLINK, ChatEL
and ARTER on a different set of benchmarks.

Finally, Sect. G reports further performance in-
sights, such as the amount of positive and negative
label changes introduced by the LLM, the dual en-
coder accuracy on certain (i.e. not LLM-refined)
cases, the amount of cases in which the gold entity
is (not) contained in the candidate set as well as
where the LLM selected the "None of the above"
answer. Qualitative examples are presented in Ta-
ble 23.
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A Design Parameter Selection — Details

We present detailed results concerning the design
choices which were only summarized in Sect. 3.

A.1 Selection Strategy and Threshold

This parameter determines which spans are deter-
mined as uncertain and thus, forwarded to the LLM.
Since a key goal of our approach is to minimize
LLM usage, we aim to set the threshold so that the
least amount of spans possible are forwarded, while
maintaining strong overall accuracy. We evaluate
the following strategies for span selection:

* Relative threshold on Top; similarity: Se-
lect the worst n% of spans according to the
top candidate similarity score.

* Absolute threshold on Top; similarity: Se-
lect all spans where the top candidate’s simi-
larity score falls below a certain threshold.

* Relative threshold on candidate similarity
difference: Select the n% of spans with small-
est similarity difference between Top; and
Top, candidate, indicating low certainty.

* Absolute threshold on candidate similarity
difference: Select all spans where the differ-
ence between the Top; and Top, candidate
falls below a certain threshold.

* Combined: Select based on both low Top;
similarity and small candidate difference.

Due to the large number of possible threshold
values and combinations, and the computational
cost of repeated LLM inference, we conduct this
evaluation on a representative subset of the ZELDA
datasets rather than the full benchmark®.

Relative threshold on Top;. This strategy se-
lects the worst n% of spans according to the simi-
larity score of the top candidate. While simple, it
does not directly reflect model certainty and instead
assumes that a fixed proportion of spans should be
refined by the LLM. As a result, it may overuse the
LLM on straightforward cases or underuse it when
many spans are challenging. Performance typically
peaks at an intermediate threshold: prompting too
many spans can reduce accuracy when the dual
encoder is already reliable, whereas prompting too
few leaves challenging cases unresolved.

8These were: SLINKS-SHADOW/ -TAIL, AIDA, REDDIT-
COMMENTS, TWEEKI.

Table 6 reports averaged results. The highest
overall accuracy (82.76%) is achieved with a thresh-
old of 0.7 (30% of spans are prompted). However,
0.8 yields very similar accuracy (82.72%) while
reducing token usage by nearly 30%. We therefore
select 0.8 for comparison with other strategies.

LLM accuracy (calculated only on the spans that
are refined) decreases steadily as the threshold in-
creases. This does not indicate worse model be-
havior. Instead, higher thresholds forward fewer
but increasingly difficult spans to the LLM. These
spans correspond to highly ambiguous cases where
both models make more errors, which lowers the
measured LLM accuracy.

Absolute threshold on Top;. This strategy se-
lects spans based on the absolute similarity score
rather than a fixed percentage. Spans whose top
candidate similarity falls below the threshold are
forwarded to the LLM, while spans above the
threshold are accepted directly. Consequently, the
number of prompted spans varies across datasets:
straightforward documents trigger fewer LLM
calls, while ambiguous ones trigger more.

We evaluate several score thresholds. Table 7
summarizes the results. Intermediate thresholds
generally perform best, balancing LLM refinement
and reliance on the dual encoder. The best overall
accuracy is achieved with a threshold of -22 (eu-
clidean distance), yielding 83.30% accuracy while
prompting 25.50% of spans and using 215,826 to-
kens (-54.2%). Compared to the relative thresh-
old strategy, this approach achieves higher accu-
racy with a similar prompting rate, indicating that
certainty-based selection is more effective than for-
warding a fixed percentage of spans.

Relative threshold on candidate difference.
This strategy selects spans based on the score dif-
ference between the Top; and Top, candidates pre-
dicted by the dual encoder. A small difference
indicates uncertainty because the model assigns
similar scores to multiple candidates. We prompt
the n% of spans with the smallest candidate dif-
ferences. As with the relative Top; threshold, this
approach routes a fixed proportion of spans to the
LLM, regardless of the absolute score difference.
Table 8 reports the averaged results. Perfor-
mance again peaks at an intermediate threshold.
The best configuration is a threshold of 0.75,
prompting 25% of spans and achieving an aver-
age overall accuracy of 83.75%. This setting is
used for comparison with the other strategies.
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| Accuracy % Efficiency
Rel. Threshold Top; [ SELECTED LLM (Ref.) Tokens Rel. A
0.0 81.39 81.39 721 994 —
0.1 81.51 80.03 664 668 -7.9
0.2 81.51 78.28 603277 -164
0.3 81.31 76.28 540773  -25.1
04 81.72 74.89 476 428  -34.0
0.5 82.22 73.42 405759  -43.8
0.55 82.14 72.16 371107  -48.6
0.6 82.38 71.37 333454  -53.8
0.65 82.69 70.17 301894  -382
0.7 82.76 68.40 265357  -63.2
0.75 82.51 65.53 225203  -68.8
0.8 82.72 64.72 190973  -73.5
0.85 82.59 61.04 149 981 -79.2
0.9 82.22 56.05 111908  -84.5
0.95 81.67 46.57 65 015 -91.0

Table 6: Average overall accuracy and on the cases refined by the LLM for different relative Top; thresholds.
We also report required token counts along with the the relative decrease compared to when prompting all spans
(threshold at 0.0). The bold and underlined value indicates the best and second-best overall accuracy.

| Accuracy % Efficiency
Abs. Threshold Top; \ SELECTED LLM (Ref.) Spans prompted %  Tokens  Tokens Rel. A

-18 82.43 75.70 62.39 471 672 —
-19 82.53 73.45 53.02 412982 -12.4

-19.5 82.78 73.26 48.42 380900 -19.2
-20 83.09 72.58 43.73 349 299 -25.9

-20.5 82.89 70.47 39.28 316 138 -33.0
-21 83.06 69.46 34.65 284316 -39.7
-22 83.30 66.61 25.50 215 826 -54.2
-23 83.05 61.35 17.26 148 369 -68.5
-24 82.61 52.75 10.65 90 079 -80.9
-25 82.06 41.32 5.47 48 974 -89.6

Table 7: Average overall accuracy and on the cases refined by the LLM for different absolute Top; thresholds.
We also report the amount of spans given to the LLM. Relative token decrease compared to the setting where most

spans are prompted.

Absolute threshold on candidate difference.
This strategy also uses an absolute threshold: All
spans whose score difference between the Top; and
Top, candidates falls below a predefined value are
forwarded to the LLM. This allows the number of
prompted spans to vary across datasets.

Table 9 summarizes the results. The best perfor-
mance is obtained with a threshold of 1, reaching
84.83% average accuracy while prompting 19.36%
of spans and using 190,138 tokens (-73.8%). Com-
pared to the best relative-threshold strategies, this
improves accuracy by more than one point while
requiring fewer tokens. Figure 3 complements the
averaged results with a dataset-level view. Very
low thresholds prompt too few mentions, while
very high thresholds approach full prompting and
may reduce accuracy by overriding correct high-
certainty dual encoder predictions. Intermediate
thresholds therefore provide the strongest trade-off,

motivating our final choice of 1.

The figure also shows dataset-level variation:
SHADOWLINKS-SHADOW benefits from higher
thresholds, suggesting that more aggressive refine-
ment helps in highly ambiguous cases, whereas
SHADOWLINKS-TAIL remains strong across many
thresholds but degrades when too many mentions
are prompted. Overall, this supports using an ab-
solute rather than relative threshold, as it allows
the number of prompted spans to vary with each
dataset’s certainty distribution.

Combination of Top; and candidate difference.
Our final approach combines the two previously
evaluated criteria. For each dataset, we create two
rankings of spans: one based on the Top; similar-
ity score and one based on candidate difference.
These rankings are then merged by alternately se-
lecting spans from each list while avoiding dupli-
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| Accuracy % Efficiency
Candidate Diff. (rel.) \ SELECTED LLM (Ref.) Tokens Rel. A

0.0 81.17 81.17 725276 —

0.1 81.44 79.65 666 935 -8.0
0.2 81.29 71.27 604933  -16.6
0.3 81.65 75.17 543759  -25.0
0.4 82.34 73.80 478058  -34.1
0.5 82.89 71.40 406233 -44.0
0.55 82.76 69.45 377058  -48.0
0.6 83.02 68.00 340381  -53.0
0.65 83.36 66.56 308382  -57.5
0.7 83.41 64.12 270359  -62.7
0.75 83.75 63.06 230374  -68.2
0.8 83.48 60.90 195520  -73.0
0.85 83.27 58.23 153380  -78.9
0.9 82.84 56.54 115318  -84.1
0.95 82.29 55.26 67 125 -90.7

Table 8: Average overall accuracy and on the cases refined by the LLM for different relative candidate difference
thresholds. Relative token decrease compared to prompting for all spans (threshold 0.0).

| Accuracy % Efficiency
Candidate Diff. (abs.) | SELECTED LLM (Ref.) Spans prompted %  Tokens  Tokens Rel. A
0.1 82.3 51.44 3.53 40 666 -94.4
0.25 83.03 48.17 7.09 78 495 -89.2
0.5 84.08 52.88 12.34 126 692 -82.5
0.75 84.59 54.01 15.93 161 573 =777
1 84.83 55.29 19.36 190 138 -73.8
1.25 84.81 55.75 22.52 214 410 -70.4
1.5 84.65 58.44 25.42 237722 -67.2
2 84.54 62.61 30.77 278 986 -61.5
3 83.74 67.04 41.49 345 866 -52.3
4 82.99 70.82 51.73 415 153 -42.7
5 82.52 74.20 61.34 479 017 -33.9
7 81.68 78.14 78.63 583310 -19.6
9 81.24 79.93 90.96 664 210 -8.4
(All spans) 81.19 81.19 100.00 725 084 —

Table 9: Average overall accuracy and on the cases refined by the LLM for different absolute candidate difference
thresholds. Relative token decrease compared to prompting all spans.

100 4

—

90 A

85

801 Dataset

—e— AIDA

tweeki
—e— reddit-comments
—e— shadowlinks-shadow
70 —e— shadowlinks-tail
—&— Average

Dual Encoder baseline
65 per dataset

Overall Accuracy %

75 A

01 025 05 075 1 125 15 2 3 4 5 7 9 100
Threshold on Absolute Candidate Difference
Prompt if candidate difference < threshold - Higher threshold = more prompted spans

Figure 3: Threshold sensitivity for the absolute candidate difference strategy. A mention is routed to the LLM
when the similarity difference between the top two Dual Encoder candidates is below the threshold. Thus, higher
thresholds result in more prompted spans. Solid lines show overall accuracy for each dataset and their macro-average.
Faded dashed lines indicate the corresponding dual encoder baseline accuracy without LLM refinement.
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| Accuracy % Efficiency
Relative Threshold \ SELECTED LLM (Ref.) Tokens Rel. A
0.0 81.32 81.32 724 153 —
0.1 81.14 79.53 662 794 -8.5
0.2 81.29 77.82 603 605 -16.6
0.3 81.79 76.12 543747  -24.9
04 81.79 73.76 478 858  -33.9
0.5 82.53 72.23 405456  -44.0
0.55 82.28 70.44 375 401 -48.2
0.6 82.74 69.97 337148 -534
0.65 82.94 68.59 304236  -58.0
0.7 83.06 66.47 266 682  -63.2
0.75 83.26 64.91 227515  -68.6
0.8 83.05 61.92 195277  -73.0
0.85 82.89 58.26 151699  -79.1
0.9 82.58 55.22 114299  -84.2
0.95 82.05 49.82 62 543 914

Table 10: Average overall accuracy and on the cases refined by the LLM when using a combination of Top;
similarity and score difference of top two candidates. Relative token decrease compared to prompting all spans.

cates, ensuring that spans by either criterion are
selected. We apply a relative threshold on the com-
bined ranking to select the worst n% of spans for
LLM refinement. Absolute thresholds are not used
because defining separate cutoffs for both criteria
would complicate the procedure.

Results are reported in Table 10. The best ac-
curacy is achieved at a threshold of 0.75, reaching
83.26% overall accuracy with 227,515 tokens. The
second-best result is obtained at 0.7 (83.06%), with
similar performance at 0.8. Higher or lower thresh-
olds reduce accuracy while providing only modest
token savings, we therefore select 0.75 (prompting
25% of spans) as best for this strategy.

Conclusion. In this evaluation we compared both
different strategies for identifying uncertain spans
and corresponding threshold values. Table 2 in
Sect. 3.3 summarizes the best configuration per
strategy. The highest overall accuracy is achieved
by using the absolute candidate difference with a
threshold of 1, resulting in 84.83% accuracy. This
result exceeds all other strategies by more than one
percentage point. Notably, it also prompts fewer
spans (19.36 %) and uses fewer tokens (190,138)
than the competing approaches, indicating that
this strategy most effectively identifies challeng-
ing spans where LLM usage is helpful.

A.2 Verbalization Strategy

The verbalization strategy determines what infor-
mation about the candidates is provided to the LLM
and also, what information about already predicted
mentions is included as additional context.

We experiment with the following different for-
mats, an example can be found in Table 11:

* None: The LLM does not receive any addi-
tional information for a label candidate or
an already predicted span. As candidates,
the LLM will only receive the label name,
which generally corresponds to the title of the
Wikipedia entry. Predicted spans in the text
are not verbalized.

* Description: This approach provides the
LLM with a short description for each candi-
date or already predicted span, obtained from
Wikidata. Usually a one-sentence overview.

 Categories: Each entry in Wikidata is part of
relations. We extract a specific subset of these
and provide their values. For example, the la-
bel “Apple_Inc.” is categorized as a “business”
(instance_of). We provide the label name and
the categoriy key-value pairs to the LLM.

* Description + Categories: This approach
combines the previous two and provides the
name of the label, a short description, and
the categories. While this approach conveys
the most information, it also significantly in-
creases the length of the prompt.

Table 12 shows average overall and LLM accu-
racy (on the refined cases) along with token counts.
Overall, the best overall accuracy ist achieved
with Description + Categories (83.83%), closely
followed by Categories only (83.80%). Look-
ing at LLM accuracy, using Categories performs
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Strategy Eiffel_Tower
None Eiffel Tower
Description Eiffel Tower - tower located on the
Champ de Mars in Paris, France
Categories Eiffel Tower - instance of: lattice

tower, observation tower, tourist attrac-
tion, architectural landmark ; part of:
banks of the Seine ; country: France

Description +
Categories Eiffel Tower - tower located on the
Champ de Mars in Paris, France ; in-
stance of: lattice tower, observation
tower, tourist attraction, architectural
landmark ; part of: banks of the Seine

, country: France

Table 11: Different verbalization strategies illustrated
with the label Eiffel_Tower.

slightly better (55.08%) than the combined ap-
proach (54.51%). Using only Descriptions gener-
ally decreases both overall and LLM accuracy, and
in some cases, providing descriptions even harms
performance for the refined spans.

Considering token efficiency, Categories only re-
quires significantly fewer tokens than the combined
approach while achieving nearly identical overall
accuracy. Given the marginal accuracy difference
and the substantial token savings, we select Cate-
gories only as the preferred verbalization strategy.

A.3 Number of Iterations

This parameter controls the number of LLM predic-
tion iterations: selected spans are split into batches,
according to the selection criterion, and processed
sequentially, starting with the most certain spans.
After each iteration, verbalizations of the accepted
predictions are inserted into the text, providing ad-
ditional context for subsequent batches and helping
the LLM resolve more challenging spans.

We evaluated different numbers of iterations
with respect to accuracy, token usage, and execu-
tion time (Table 13). Accuracy is largely unaffected
by the number of iterations while token usage and
execution time increase: token counts grow be-
cause fewer spans can be combined per prompt,
causing the document text to be repeated more of-
ten, while execution time increases roughly linearly
since iterations are processed sequentially.

Considering the trade-off between accuracy, to-
ken cost, and execution time, we recommend two
iterations. This yields a modest accuracy gain
over a single iteration while keeping resource re-
quirements low. Additional iterations provide only
marginal improvements and are not justified given

the substantially higher token and time costs.

A4 Candidate Ordering

Within the prompt, the LLM is presented with a set
of candidate labels, which are, by default, sorted
by their similarity score from the dual encoder. To
evaluate the impact of candidate order, we also test
a randomized one. The results in Table 14 show
that sorting candidates with decreasing similarity
consistently outperforms random order by nearly
2.5 percentage points on average (LLM accuracy).
These findings suggest that the LLM benefits from
the implicit ordering, so we adopt similarity-based
sorting as the preferred strategy.

A.5 Number of Spans per Prompt

This parameter controls how many mentions (pre-
dictions) are combined into a single LLM prompt.
Combining spans saves input tokens, since the doc-
ument text only needs to be included once. How-
ever, it may reduce accuracy, as the LLM must
handle more tasks simultaneously. The results in
Table 15 show that accuracy is largely unaffected.
The token saving plateaus as the number of spans
per prompt increases beyond five®.

Considering both accuracy and token efficiency,
we find that using five spans per prompt provides
the best trade-off. It achieves the highest average
accuracy (83.83%) while reducing token usage to
79.43% relative to using a single span per prompt.

B Comparing different LLMs — Results

As briefly summarized in Sect. 3.6, we experi-
mented with several LLMs for the LLM module of
SELECTED. Our evaluation includes both widely
used cloud-based LLMs accessed via API and a se-
lection of locally installed models. For cloud-based
LLMs, we primarily consider models from Google
and OpenAl. We compare the following LLMs:

* GPT-40 mini and GPT-5 mini (OpenAl,
2024, 2025) (via API)

¢ Gemini 2.5 Flash Lite and Gemini 2.5 Pro
(Google DeepMind, 2025a,b) (via API)

» DeepSeek R1 Distil Qwen 32B'°

(DeepSeek-Al 2025) (locally)

Token savings are strongly dependent on the dataset: com-
bining spans yields substantial reductions for datasets that
commonly include multiple mentions per document, while
datasets with few such documents see little or no reduction.

0Available at https: //huggingface.co/deepseek-ai/
DeepSeek-R1-Distill-Qwen-32B
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| Accuracy % Efficiency
Verbalization Strategy \ SELECTED LLM (Ref.) Tokens Rel. A
Description 83.65 53.86 577 439 +7.6
Description + Categories 83.83 54.51 772110  +43.9
Categories 83.80 55.08 684771  +27.7
None 83.68 54.33 536433 —

Table 12: Average overall accuracy and on the cases refined by the LLM for using different verbalization strategies.
Relative token increase compared to using no verbalizations.

| Accuracy % Efficiency
Iteration Count | SELECTED LLM (Ref) Tokens Tokens Rel. A Eﬁﬁg‘(‘;’)“ Time Rel. A
1 83.60 54.24 522 410 — 29.88 —
2 83.82 54.85 607 856 +16.4 61.54 +106.0
3 83.85 55.65 684 223 +31.0 81.53 +172.9
4 83.86 55.31 757 192 +44.9 106.72 +257.2
5 83.90 55.34 819 022 +56.8 118.32 +296.0

Table 13: Average overall accuracy and on the cases refined by the LLM for different numbers of LLM iterations.
We also report execution time along with relative increase compared to one single iteration.

* Llama 3.3 Nemotron Super 49B v1.5'!
(Bercovich et al., 2025) (locally)

¢ Llama 4 Scout 17B 16E Instruct (Quan-
tized)'? (Red Hat AI and Meta, 2025) (lo-
cally)

We evaluate both overall accuracy on ZELDA
and required token count (input + output tokens)
for each dataset. To mitigate LLM randomness, we
execute each benchmark multiple times and present
averaged results in Table 16.

Across datasets, stronger LLMs improve accu-
racy, particularly on more challenging, ambiguous
datasets. On average, Google’s Gemini 2.5 Pro per-
forms best at 84.55%, with OpenAl’s GPT-5 mini
close (84.49%). The remaining models show no-
ticeably lower accuracy, largely due to the strong
performance of Gemini and GPT-5 mini on the
SHADOWLINKS datasets. On other datasets, al-
ternative LLMs are often competitive. Regarding

"Available at  https://huggingface.co/nvidia/
Llama-3_3-Nemotron-Super-49B-v1_5

12 Available at

https://huggingface.co/RedHatAl/
Llama-4-Scout-17B-16E-Instruct-quantized.w4al6

| Accuracy %
Candidate Order | SELECTED LLM (Ref.)

83.82 55.29
83.31 52.78

Sorted
Random

Table 14: Average overall accuracy and on the cases
refined by the LLM with/without sorting candidates.

| Accuracy % Efficiency

Sr?i‘;‘;p‘:r SELECTED LLM  Tokens

P (Ref)  Rel. A
1 83.68 54.49 100.00
2 83.81 54.74 85.76
3 83.82 54.86 82.14
5 83.83 54.75 79.43
7 83.77 54.81 78.40
10 83.75 54.76 77.83

Table 15: Average overall accuracy and on the cases
refined by the LLM for different number of spans per
prompt. Relative token count compared to one span.

efficiency, Gemini 2.5 Pro requires nearly twice
as many tokens as GPT-5 mini. Considering both
accuracy and token efficiency, we select OpenAl’s
GPT-5 mini for our final evaluation in Sect. 4.2.

C Prompt for LLM Prediction

The LLM component of SELECTED, independent
of the specific model used, relies on a structured
prompt for entity disambiguation. The prompt con-
sists of a system instruction and a user prompt
containing the document text (which may include
verbalizations of previously linked mentions) to-
gether with a list of (verbalized) candidate labels.
Each span to be disambiguated is marked with a
question tag (e.g., [**Q1**]), enabling the LLM
to locate the relevant mention in case of multiple
occurrences. Multiple questions can be included
in a single prompt to improve efficiency. The full
prompt structure is shown in Table 17.
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Model Metric AIDA TWEEKI REDDIT- REDDIT- CwEB WNED-  SLINKS-  SLINKS-  SLINKS- Average
PosTs COMMENTS WIKI TAIL SHADOW Top
Dual Encoder (No LLM) Acc. % | 80.18 7722 89.05 85.24 69.37 91.01 98.55 65.27 65.82 80.19
Tokens

Gemini 2.5 Flash.Lite Acc. % | 8462 8181 9047 88.38 71.60 91.55 9859 7220 7522 83.83
: Tokens | 712755 120340 70976 69713 3503224 592555 10235 186222 199376 | 607 266

Gemini 2.5 Pro Acc. % | 84.01 8162  89.76 87.86 71.20 9248 98.63 7828 7710 84.55
: Tokens | 1331217 316365 210222 203961 5679474 1195673 35394 578256 637695 | 1132029

GPT40 mini Acc. % | 84.44 8123 9037 88.33 71.95 91.11 98.55 71.94 7257 83.39
° Tokens | 683203 120077 70964 69549 3479755 574334 10540 181542 217964 | 600 881

GPTS mini Acc. % | 84.40 81.60  90.04 88.07 71.54 92.08 98.67 7699  77.04 84.49
Tokens | 791332 135756 80708 77672 3739378 638003 12280 220886 238942 | 659450

. Acc. % | 83.52 80.88  88.05 87.02 70.94 91.07 98.63 71.94  73.89 82.88

DecpSeek RI Distill Qwen 32B ‘ Tokens ‘ 927130 207260 124261 116133 4329401 807274 19843 340750 369327 ‘ 804 599

Llama 3.3 Nemotron Suner 498 v1 5 | Acc: % | 8424 8155  89.67 87.86 71.03 91.85 98.51 7430 7515 83.80
ama 5.5 emotron Supe ~ | Tokens | 1069789 262089 161715 158177 4843953 983522 29480 530331 519080 | 950904

Llama 4 Scout 17B 16E Instruct Acc. % | 84.60 8095  90.80 $8.43 71.96 91.88 98.55 70.73 75.55 83.72
(Quantized) Tokens | 677350 115277 67920 68418 3341565 567628 9039 174836 188688 | 578969

Table 16: Comparison of SELECTED accuracy and required token count when plugging in several different LLMs.
For reference, we also include the base dual encoder. Bold values indicate the best performance on a dataset.

System Instruction:
You are a professional entity-disambiguation annotator. For each question in the prompt you must select
exactly one answer number.

Hard rules (must follow):

1. Read the full text, then answer every question in order (Q1, Q2, ...).

2. For each question, consider ONLY the mention marked with that question tag (e.g., [Q1]) and ONLY
the options listed immediately after that question. Do NOT reuse options from other questions.

3. Choose the option that best matches the mention given the context. Prefer contextual relevance over
surface-form match when they conflict. Prefer the most specific, contextually accurate entry when
multiple options fit.

4. If no option matches, choose "0’ (None of the below).

5. Sometimes, the answer numbering may not be continuous. Carefully look at the answer number of
your selected option and provide it.

6. Output format: exactly N lines for N questions. Each line must contain exactly one digit (the chosen
option number). The first line is the answer for Q1, the second for Q2, etc. No other characters, labels,
punctuation, or explanation. No blank lines.

7. Do NOT provide chain-of-thought or any additional text.

User Prompt:
Consider the following text:
<Document Text, possibly including verbalizations of neighboring mentions>

Which entry does the mention ‘<Span Text>’ at [**Q1**] refer to? Evaluate all options care-
fully.

(0) None of the answers below
(1) <Answer option 1> - <Verbalization>
(2) <Answer option 2> - <Verbalization>

Which entry does the mention ‘<Span Text>’ at [**Q2**] refer to? Evaluate all options carefully.
(0) None of the answers below

(1) <Answer option 1> - <Verbalization>
(2) <Answer option 2> - <Verbalization>

Table 17: Structure of the LLM prompt. The model receives a system instruction and a user prompt containing
the document text (including inserted verbalizations of resolved mentions). Target mentions are marked (e.g.,
[**Q1**]) to help locate the span, followed by candidate entities with optional descriptions. Multiple questions may
be included in one prompt to reduce token usage.
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Overall Accuracy % Accuracy on Ref. Cases % Efficiency

Dual A Dual A Spans

ZELDA Dataset SELECTED Encoder Acc.% LM Encoder  Acc.% Tokens Prompted %
AIDA 84.62 80.18 +4.44 | 61.66  40.11 +21.55 712755 20.62
TWEEKI 81.81 7722  +4.59 | 55.04 34.87 +20.17 120 340 22.78
REDDIT-POSTS 90.47 89.05 +1.42 | 5526 4649 +8.77 70976 16.22
REDDIT-COMMENTS 88.38 85.24 +3.14 | 56.90  39.66 +17.24 69 713 18.21
CWEB 71.60 69.37 +2.23 | 3551  27.28 +8.23 | 3503224 27.04
WNED-WIKI 91.55 91.01 +0.54 | 5443  49.20 +5.23 592 555 10.18
SLINKS-TAIL 98.59 98.55 +0.04 | 52.08  50.00 +2.08 10 235 1.78
SLINKS-SHADOW 72.20 65.27 +6.93 | 57.84  37.09 +20.75 186 222 33.41
SLINKS-ToP 75.22 65.82  +9.40 | 64.00 37.85 +26.15 199 376 35.95
Average | 8383 80.19  +3.64 | 5475 4028  +14.47 | 607266 20.69

Table 18: Comparison of SELECTED and its base dual encoder. We report overall accuracy as well as accuracy
on the cases refined by the LLM for which we compare the LLM’s vs. the dual encoder’s performance. We also
include the number of required LLM tokens and the amount of mentions prompted per dataset.

D Analysis: Amount of Refined Spans
and Accuracy Gains

We analyze both accuracy gains and amount of
forwarded spans on the ZELDA test sets after fixing
the parameter setting described in Sect. 3. Table 18
reports SELECTED’s overall accuracy as well as
accuracy on the spans refined by the LLM'3, in
comparison to the base dual encoder.

Across all datasets, SELECTED consistently out-
performs the dual encoder, achieving an average im-
provement of 3.6% with gains up to 6.9% and 9.4%
on the most challenging SHADOWLINKS datasets.
When focusing only on spans processed by the
LLM, the gains are substantially more pronounced,
with an average improvement of 14.5%.

Token usage and the proportion of spans which
are forwarded to the LLM vary across datasets, re-
flecting our relative selection strategy: more spans
are prompted for difficult datasets and fewer for
easier ones, as illustrated by the SHADOWLINKS
datasets. On average, about 20% of spans are for-
warded to the LLM. While we use a fixed absolute
threshold here, future work could explore dynami-
cally adapting this threshold to dataset difficulty.

E Ablation: Without Verbalizations

We evaluate the impact of adding label verbaliza-
tions as additional context for the LLM. Our default
implementation verbalizes both already predicted
mentions in the text and candidate labels in the

BThis was computed using the Gemini 2.5 Flash-Lite
model employed during the hyperparameter search.

prompt. We compare this to variants where we
only verbalize one or none of both options.

Table 19 reports the results. On average, verbal-
izations provide only a slight accuracy gain, while
omitting them can significantly lower token usage.
Whether this trade-off is beneficial therefore de-
pends on the application and cost constraints.

Nonetheless, verbalizations remain essential for
SELECTED: the candidate retrieval (the initial dual
encoder prediction) relies on them, whereas for the
LLM, which is able to leverage its inherent world
knowledge, verbalizations are less critical.

F MSNBC, AQUAINT, ACE2004 — Results

While Sect. 4 and Table 4 mainly report results on
the ZELDA benchmark, we additionally evaluate
our approach on three widely used ED datasets:
MsNBC (Cucerzan, 2007), AQUAINT (Milne and
Witten, 2008), and ACE2004 (Ratinov et al., 2011),
for which several prominent systems report results.
This additional evaluation helps mitigate the fact
that subsets of ZELDA were used during hyperpa-
rameter selection, as these three datasets are en-
tirely unseen during tuning. We evaluate using the
fixed configuration obtained in Sect. 3 to assess
generalizability.

Table 20 reports the results for this comparison,
where we also include ZELDA test sets for which
the compared systems report results. We again
include both BLINK variants, as well as the LLM-
based approaches ChatEL (GPT-3.5) and ARTER
(with Claude 3.5 Sonnet). We further include the re-
ported results from VerbalizED (Riicker and Akbik,
2025) and its specific checkpoint we used as our
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A h Metri AIDA TWEEKI REDDIT- REDDIT- CWEB WNED- SLINKS-  SLINKS-  SLINKS- A
pproac etne PosTs COMMENTS WIKI TAIL SHADOW Topr verage
Default Acc. % | 84.62 81.81 90.47 88.38 71.60 91.55 98.59 72.20 75.22 83.83
Text: v/ Candidates: v/ | Tokens | 712755 120340 70976 69713 3503224 529555 10235 186222 199376 | 607 266
No Verbalizations Acc. % | 83.75 81.47 90.56 87.60 71.29 91.36 98.74 72.16 75.22 83.57
Text: X Candidates: X | Tokens | 394420 79 106 47531 46 846 2519386 361671 7837 137 811 148 213 | 415 869
Reduced Verbalizations | Acc. % | 83.84 81.03 90.38 87.76 71.50 91.22 98.74 72.68 74.63 83.53
Text: v/ Candidates: X | Tokens | 556 644 84350 50784 50 226 3007 523 480353 7837 138026 147581 | 502592
Reduced Verbalizations Acc. % | 83.81 81.62 90.37 88.54 71.35 91.62 98.67 72.38 75.22 83.73
Text: X Candidates: v/ | Tokens | 548 606 114 701 67514 65 181 3029351 472379 10434 187101 200076 | 521705

Table 19: Comparison of accuracy and token counts for inserting verbalizations into the Zext for already predicted
spans and/or enriching provided Candidates in the prompt. Bold values indicate the best accuracy on a dataset.

WNED- Average % Spans
Method AIDA  CWEB WIKI MSNBC ACE2004 AQUAINT Ace. % Refined
BLINK gt encoder onty 80.6 68.2 79.8 83.5 84.3 87.2 80.6 -
BLINK guat+cross encoder 84.2 77.3 82.3 97.1 98.4 98.7 89.7 100%
ChatELgpr35 82.1 71.1 77.1 86.6 88.4 79.1 80.7 100%
ARTER claude 3.5 Sonnet 85.5 70.4 83.6 90.0 86.3 83.9 83.3 -
Spans Prompted 33.0% 40.7%  32.7% 40.5% 49.6% 42.9% - 39.6%
VerbalizED + Adding Labels from MSNBC, ...
VerbalizEDpqse 82.6 69.8 91. 80.3 82.5 80.5 81.2 -
SELECTED (Ours)
Dual Enc. (VerbalizED) 80.2 69.4 91.0 73.1 76.3 72.4 77.1 -
SELECTED ¢pr5 mini 84.4 71.5 92.1 81.2 78.9 74.3 80.4 -
Spans Prompted 20.6% 27.0%  10.2% 25.5% 20.2% 21.9% - 20.9%
SELECTED (Ours) + Adding Labels from MSNBC, ...
Dual Enc. (VerbalizED) 80.2 69.4 91.0 79.9 82.1 80.9 80.6 -
SELECTED Gpr:5 mini 84.4 71.5 92.1 88.4 85.9 81.6 84.0 -
Spans Prompted 20.6% 27.0%  10.2% 26.5% 22.6% 21.9% - 21.5%

Table 20: Evaluation of SELECTED on additional benchmarks. Direct comparisons should be interpreted with
caution due to differences in training data. In parallel to VerbalizED, we report results for SELECTED before and
after adding the ~15% missing labels from MSNBC, ACE2004, and AQUAINT to our label set (shaded rows). For
ChatEL, ARTER, and SELECTED, we report the proportion of spans forwarded to the LLM (Spans Prompted),
averaged as % Spans refined, where we also note that for BLINK, all spans are forwarded to its cross encoder.

backbone (Dual Encoder (VerbalizED)) and finally
our proposed approach including selective LLM
prompting (SELECTED Gpr5mini). For systems
that involve additional refinement (cross encoder
or LLM), we also report the amount of spans that
are refined (% Spans Refined).

Since the three additional datasets are not part of
ZELDA, our ZELDA-based label set does not cover
all gold entities in these datasets. As reported by
Riicker and Akbik (2025), approximately 15% of
the target entities are missing and therefore cannot
be predicted by our system. To account for this
limitation, we report results (I) with the original
label set, and (II) when incorporating the missing
entities to the label set (shaded block). Importantly,
no retraining is required: the additional labels and
verbalizations are simply added to the label set.

With the original ZELDA-derived label set, both
our approach and VerbalizED perform substantially

worse on these benchmarks because some gold enti-
ties cannot be predicted. Nevertheless, SELECTED
consistently improves over the backbone in this set-
ting. After extending the label set, SELECTED
achieves 84.0% average accuracy and outperforms
ChatEL and ARTER, while still forwarding only
21.5% of spans to the LLM (compared to 100%
for ChatEL and 39.6% for ARTER). However, the
BLINK cross-encoder remains the strongest sys-
tem on these datasets. We therefore interpret these
results as evidence that the fixed SELECTED con-
figuration transfers beyond the tuning datasets and
improves the backbone, without reaching SOTA on
these additional benchmarks.
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G Additional Performance Insights

In addition to the results presented in Sect. 4, we in-
vestigate specific aspects of the model predictions.

G.1 Analysis of “None of the Above”

Although our benchmarks do not contain true NIL
gold labels, Table 21 provides a NIL-style analysis
of the LLM’s “None of the above” (NOTA) option.
We report the general amount of prompted spans,
the number of cases where the gold entity is absent
from the top-10 candidate set, and the amount of
NOTA predictions. We also calculate NOTA pre-
cision, NOTA recall, and false NOTA predictions,
i.e., cases where NOTA is selected despite the gold
entity being present among the candidates.

On average, 13.7% of the LLM decisions result
in NOTA. These decisions are largely appropriate,
as reflected by the high NOTA precision: In most
cases where NOTA is selected, the gold entity is
indeed missing from the top-10 candidates (79.5%
of NOTA cases). At the same time, NOTA recall
remains limited, with only about half of all cases
in which the gold entity is absent being identified
through a NOTA prediction. False NOTA predic-
tions are comparatively rare: Among prompted
cases where the gold entity is available, the LLM
selects NOTA in only 3.4%.

Table 22 examines whether replacing LLM
“None of the above” (NOTA) predictions with the
Dual Encoder (DE) top-1 candidate can improve
overall accuracy. We compare the original setting,
where NOTA by default counts as an incorrect pre-
diction on all test sets, with a fallback setting in
which each NOTA prediction is replaced by the
DE top-1 candidate. For all NOTA cases, we addi-
tionally report how often the DE top-1 candidate
is correct and how often the gold entity is absent
from the top-10 candidate set.

Overall, this fallback yields only a marginal im-
provement of +0.13% on average. This is con-
sistent with the fact that the DE top-1 candidate
is correct in only 10.9% of NOTA cases, while
the gold entity is absent from the candidate set in
79.4% of them. The fallback can therefore recover
only a small number of predictions, although it is
somewhat more beneficial on individual datasets,
especially CWEB and WNED-WIKI.

We thus keep NOTA as the final prediction rather
than applying the DE fallback. An explicit NOTA
or NIL option is generally desirable in settings
where the correct entity may genuinely be absent

from the candidate set or knowledge base. Note
that the datasets used in this work do not include
NIL gold labels, so a systematic evaluation of NO-
TA/NIL behavior is outside the scope of this work.
We leave this aspect to future work.

G.2 Qualitative Examples of LLM Predictions

In Table 23 (table is split in two parts), we present
qualitative examples illustrating the LLM refine-
ment step. We include successful cases, where the
LLM corrects an incorrect dual encoder prediction
selected for refinement, as well as cases where cor-
rect dual encoder predictions are preserved, either
because the LLM selects the top-ranked candidate
or because it is not invoked. We also show failure
cases, where the LLLM overrides a correct predic-
tion or fails to correct an incorrect one. For ref-
erence, we also include results from the iterative
VerbalizED model (Riicker and Akbik, 2025).

We observe several cases where SELECTED
corrects errors that VerbalizED does not, often
requiring world knowledge or reduced reliance
on surface-form similarity (e.g., “Grexit”, “Red
Planet”). However, there are also cases where
both methods fail, as well as instances where
SELECTED degrades a correct dual encoder pre-
diction (e.g., Art_theft — Smuggling), which
VerbalizED preserves. These examples highlight
that selective LLM refinement can both reliably cor-
rect challenging dual encoder errors and, in many
cases, preserve strong initial predictions while of-
fering meaningful gains over iterative dual encoder
refinement.

G.3 Analysis of LLM-induced Label Changes

In Table 24, we further report the following counts
and metrics:

Correct > Correct Number of spans correctly
predicted by both the dual encoder and the
LLM.

Incorrect > Correct Predictions that are cor-
rected by the LLM refinement.

Correct > Incorrect Initially correct predictions
that the LLM changes to incorrect ones.

Incorrect > Incorrect Spans mispredicted by
both the dual encoder and the LLM.

Gold in Top 10 Spans where the gold label ap-
pears among the Topg candidates.
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Dataset Spans Prompted |Gold not in Top-10 NOTA NOTA Prec. NOTA Rec. False NOTA

Count % Count % Count %| Count % Count % Count %
AIDA 925/4485 20.62| 189/925 20.43| 74/925 8.00| 70/74 94.59| 70/189 37.04 4/736 0.54
TWEEKI 195/856 22.78 65/195 33.33| 40/195 20.51| 40/40 100.00 40/65 61.54 0/130 0.00
REDDIT-P. 114/703 16.22 19/114 16.67| 10/114 8.77 8/10 80.00 8/19 42.11 2/95 2.11
REDDIT-C. 116/637 18.21 21/116  18.10| 14/116 12.07| 12/14 85.71 12/21 57.14 2/95 2.11
CWEB 3006/11115 27.04[1229/3006 40.88|857/3006 28.51[699/857 81.56|699/1229 56.88 |158/1777 8.89
WNED-WIKI | 689/6765 10.18| 103/689 14.95| 45/689 6.53| 29/45 64.44| 29/103 28.16| 16/586 2.73
SLINKS-TAIL 16/899 1.78 5/16  31.25 2/16 12.50 172 50.00 1/5 20.00 1/11 9.09
SLINKS-SH. 302/904 33.41 36/302 11.92] 31/302 10.26| 20/31 64.52 20/36 55.56| 11/266 4.14
SLINKS-TOP 325/904 35.95 72/325 22.15| 52/325 16.00| 49/52 94.23 49/72 68.06 3/253 1.19
Average | 20.69 | 23.30| 13.68| 79.45| 47.39| 342

Table 21: Analysis of “None of the above” (NOTA) predictions. For each dataset, we report the number and
percentage of prompted spans, cases where the gold label is absent from the top-10 candidate set, and the frequency
of NOTA predictions. NOTA precision denotes the amount of NOTA predictions for which the gold label was indeed
absent, while NOTA recall denotes the proportion of gold-absent cases which are correctly identified as NOTA.
False NOTA denotes cases where NOTA is selected despite the gold label being present among the candidates.

Dataset Accuracy NOTA Cases
w/ NOTA w/ Fallback A | DE Top-1 Correct Gold not in Top-10
Count % | Count %
AIDA 84.50 84.55 +0.04 2/74 2.70 70/74 94.59
TWEEKI 81.31 81.31 +0.00 0/40 0.00 40/40  100.00
REDDIT-P. 90.33 90.47 +0.14 1/10 10.00 8/10 80.00
REDDIT-C. 88.54 88.54 +0.00 0/14 0.00 12/14 85.71
CWEB 71.70 72.13 +0.42 | 47/857 5.48 | 697/857 81.33
WNED-WIKI 92.18 92.31 +0.13 9/45 20.00 29/45 64.44
SLINKS-TAIL 98.78 98.89 +0.11 172 50.00 172 50.00
SLINKS-SH. 76.88 77.21 +0.33 3/31 9.68 20/31 64.52
SLINKS-ToP 77.32 77.32 +0.00 0/52 0.00 49/52 94.23
Average | 84.62 8475 +0.13 | 10.87 | 79.43

Table 22: Effect of replacing LLM “None of the above” (NOTA) predictions with the Dual Encoder (DE) top-1
prediction as a fallback. We report accuracy when NOTA is kept as the final prediction (w/ NOTA), accuracy when
NOTA predictions are replaced by the DE top-1 candidate (w/ Fallback), and the resulting accuracy difference (A).
For all NOTA cases, we additionally report how often the DE top-1 prediction is indeed correct and, on the other
hand, how often the gold entity is absent from the top-10 candidate set, both as counts and percentages.

Max. possible LLM Acc. / Overall Acc. Upper
bounds on LLM and overall accuracy assum-
ing the LLM would always choose correctly
if the gold label is among the candidates.

For spans that are not forwarded to the LLM
(certain cases, i.e., where the dual encoder predic-
tion is accepted directly), we report the number of
Correct and Incorrect predictions and compute
DE Acc. %Certain Cases-

We observe a substantial gap between the dual
encoder’s accuracy on certain (accepted) and un-
certain (later refined) spans. While the model per-
forms consistently well on accepted spans, accu-
racy on uncertain spans is markedly lower, with
particularly large differences on datasets such as
CWEB and TWEEKI. This confirms that LLM re-
finement is particularly beneficial for low-certainty

spans.

Examining the LLM’s interventions, most
changes are beneficial: the number of Incorrect
> Correct predictions consistently exceeds Correct
> Incorrect, indicating that the LLM generally im-
proves disambiguation quality. However, many
incorrect predictions remain uncorrected (Incorrect
> Incorrect). This is partly because the gold label
is missing from the candidate set (see Gold Not
in Top 10). However, even when the gold label is
present, errors still occur.

Overall, these results demonstrate the effective-
ness of LL.M-based refinement while also high-
lighting remaining potential for improvement, as
current performance remains several percentage
points below the theoretical maximum accuracy.
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Mention Context

Gold

DE Top-k and LLM Prediction

“...Walters said of
O’Donnell, who is on
vacation this week ...”
(MSNBC)

Rosie_0’Donnell

1. Lawrence_0’Donnell (-20.89)
2. Rosie_0’Donnell (-20.96)
3. The_Rosie_0’Donnell_Show (-21.45)

LLM: Rosie_0’Donnell
SELECTED : LLM corrected DE mistake.
Iter. VerbalizED : Also correctly predicted label.

“Upgrade makes ag-
ing Mars rovers smarter
...so that they can roll
around the Red Planet
with less help from hu-
mans.” (MSNBC)

Mars

1. Red_giant (-23.70)
2. Great_Red_Spot (-23.78)
3. Red_dwarf (-24.57)

10. Mars (-25.16)

LLM: Mars
SELECTED : LLM corrected DE mistake.
Iter. VerbalizED : Incorrect label Red_Planet_Mars (movie).

“Grexit already? So
Greece is going to leave

Greek_withdrawal
_from_the_eurozone

1. Brexit (-21.93)
2. Greek_withdrawal_from_the_eurozone (-22.24)

EU too?”  (REDDIT- 3. Brexit_withdrawal_agreement (-23.61)
COMMENTS)

LLM: Greek_withdrawal_from_the_eurozone

SELECTED : LLM corrected DE mistake.

Iter. VerbalizED : Incorrectly kept Brexit.
“Alright. ESPN not | High-definition 1. ESPN_Goal_Line_&_Bases_Loaded (-26.88)
in HD has sound.| _television 2. High-definition_television (-27.18)
gI:vESET)SnL Boo. 3. High-dynamic-range_television (-27.54)

LLM: High-definition_television
SELECTED : LLM corrected DE mistake.
Iter. VerbalizED : Incorrect label HD_Radio.

Table 23: Qualitative examples of successful and erroneous LLM refinements. We show the dual encoder (DE)
top-k candidates (truncated for readability) and the subsequent LLM predictions. We compare the final predictions
of SELECTED and the iterative VerbalizED variant (Riicker and Akbik, 2025), with green indicating a correct and
red indicating an incorrect final prediction. (Table continues on next page.)
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Mention Context

Gold

DE Top-k and LLM Prediction

“Daniel Day Lewis? I
would cast him as the
Guild Navigator just to
see what he would do
to prepare for the role.”
(REDDIT-COMMENTS)

Daniel_Day-Lewis

1. Daniel_Day-Lewis (-21.90)
2. Jason_Lewis_(adventurer) (-25.24)
3. Noah_Lewis (-26.17)

LLM: N/A (LLM not invoked)
SELECTED : Keeping correct DE prediction.

Iter. VerbalizED : Also not selected for refinement, kept cor-
rect prediction.

“International  police
seek to stymie illegal
art traffic” (AQUAINT)

Art_theft

1. Art_theft (-25.38)

2. Illegal_entry (-25.47)
3. Illegal_per_se (-25.89)
4. Smuggling (-25.94)

LLM: Smuggling
SELECTED : LLM worsened a correct DE prediction.
Iter. VerbalizED : Kept the correct label.

“Boise vs oklahoma
in the championship
would be hilarious.
#ncaa” (TWEEKI)

Oklahoma_Sooners
_football

1. University_of_Oklahoma (-25.55)

2. Oklahoma_Sooners (-25.76)

3. 2008-09_0Oklahoma_Sooners_men’s
_basketball_team (-26.10)

10. 2018_0Oklahoma_Sooners_football_team (-26.30)

LLM: Oklahoma_Sooners

SELECTED : Both DE and LLM incorrect; correct entity not
in candidate set.

Iter. VerbalizED : Also kept incorrect label.

“I kept reading Black
Panther, but my
head visualizing Pink
Panther..” (REDDIT-
COMMENTS)

Black_Panther_(film)

1. Black_panther (-20.50)

2. Black_Panther_Party (-21.89)

3. Black_Panther_(character) (-22.28)
4. Black_Panther_(film) (-23.45)

LLM: N/A (LLM not invoked)
SELECTED : Keeping DE error (the animal).
Iter. VerbalizED : Did not re-predict and kept error.

Table 23: (Continued.) Qualitative examples of successful and erroneous LLM refinements.
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