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Abstract

We present our submission to the HIPE-2026 shared task on multilingual person-place relation classification in
historical documents, using the FI CODE approach. This task requires the prediction of both a ternary AT relation
and a binary 1SAT relation for sampled person-location pairs in OCR-processed historical documents written
in German, English, and French. Three systems designed for efficiency are compared: a distance heuristic over
entity mention positions with no training, an encoder-based ITER relation classifier, and an in-context learning
system based on a small large language model. Our experiments demonstrate that, while simple positional cues
provide a competitive baseline, encoder- and prompt-LLM-based systems offer additional advantages. In the
HIPE-2026 efficiency ranking, we achieved first place for French texts and second place for English texts using
distance-based relation classification.
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1. Introduction

Although historical newspapers contain a lot of information about people, places, and events, extracting
this information is difficult because the documents may be written in different languages, the quality of
optical character recognition (OCR) varies, and the relationships between entities are often expressed
indirectly. The HIPE-2026 shared task' [1, 2] addresses these challenges by proposing to classify person-
place relationships. Given pairs of person and location mentions, systems must predict both a ternary
historical AT relationship and a binary, time-specific 1SAT relationship.

We approached the task from an efficiency-oriented perspective. Rather than submitting a single
high-capacity model, we compare three systems with different computational profiles: (i) a heuristic for
distance-based relation classification (RC) without learned parameters, (ii) an encoder-based relation
classifier, ITER, adapted to the task’s requirements, and (iii) a small, instruction-based 2B large language
model (LLM). This comparison enables us to analyze the extent to which positional cues capture the
task, how well compact discriminative encoders perform when candidate entities are provided, and if
small LLMs can generate valid multilingual relation predictions through structured prompts.

The remainder of this paper is structured as follows: Section 2 introduces the shared task. Sections 3,
4, and 5 describe the three submitted systems. Section 6 reports the experimental setup, followed by
Section 7 with the results. Section 8 contains the conclusion.

2. Task Description

The HIPE-2026 shared task aims to classify whether a person, mentioned at least once in a historical
news article, was at a specific geographical location also mentioned in the article, based on contextual
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information from the article. This classification is performed in terms of two relations: AT and 1SAT,
where the 1SAT relation is a hyponym of the more general AT relation: 1SAT constrains the classification
of the person having been at a location to the immediate temporal context of the news article. The
two relations also differ by their associated label space: while 1SAT can solely be classified as y;;4; =
TRUE OF )j,4; = FALSE, AT additionally encompasses a y,; = PROBABLE clause. The PROBABLE label allows
systems to indicate that the classification is based on context-dependent clues, rather than on explicit
textual evidence. For instance, this includes a person participating in an event which is attributed to a
specific geographic location.

Mathematically, the task can be described as follows. Given a historical article t = (¢ ...ty) as a
string of N characters, two sets of co-references for a singular person and location, P = {p;,...} and
L ={l,...}, and two relation types AT and 1SAT, the HIPE-2026 shared task was to design a system for
the aforementioned classification task, following Equation 1.

system : S x (S) x p(S) x {AT, ISAT} > L (1)

y € {TRUE, FALSE, PROBABLE} iff. x = AT

system(t, P, L, x) — (2)

y € {TRUE, FALSE} otherwise

The shared task includes newspaper data in German, English, and French, following the annotation
and evaluation setup defined by the HIPE-2026 organizers [2]. An additional surprise test set in French
is released for the final evaluation. Systems are evaluated separately for AT and 1SAT using macro-recall,
and a global score is calculated across both relations. The evaluation of this shared task is performed
using three distinct evaluation profiles: accuracy, efficiency and generalization. While the accuracy
profile measures pure system accuracy in terms of macro recall, the efficiency profile ranks systems
in three dimensions: macro recall, parameter count, and model size, where the latter two are to be
minimized. The score for this profile is the arithmetic mean of the ranks across these three dimensions.
The generalization profile aims to compare systems based on their performance on the French literary
surprise test set. The efficiency profile in particular encourages the development of resource-efficient,
low-parameter, and low-file-size systems. To evaluate the different models, we utilized the official

SCOI”GI”Z.

3. Distance-based Relation Classification

The first attempt to minimize the number of parameters used by a model and maximize the efficiency
rating of the evaluated system involved analyzing the distance between PER-LOC entity pairs.

Distances Between PER-LOC Pairs. Suppose the positions of the PER-LOC mention pairs P and
L within the text are given by their start and end boundaries p(p;) = (pl-<, pi) ) and p(l}) = (l;,l;).
Furthermore, let t[n : m] be the substring of t from n to m. Then, the distance A between the person
and the location mentions P and L is given by the smallest number of whitespace characters in the
substring of the historical article t from p to I (or from [ to p vice versa), as defined in Equation 3.

A(P, L) = min min(whitespaces(t[min(pi> ,l}) : max(pf, l})])) (3)
pEP el
N
where whitespaces(t) = Z 1, = "] 4)
n=1

For further analysis, distances A(P, L) are grouped based on the correct label j, for both relation classes
x = AT and x = 1SAT. Figure 1 visualizes this process and highlights the key finding of this procedure:
At distances A > 80 between the mentions of all person-location position combinations in a text, the
likelihood of the true label y, being FALSE strongly increases.

*https://github.com/hipe-eval/HIPE-2026-data/releases/tag/v1.0
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Figure 1: Distribution of distances for both relation types and target labels j,, AT and 1SAT. Distances are binned
into ten bins in total, and distances A > 100 are clamped following A’ = min(A, 100). For both relation types, a
long tail of j, = false labels can be observed, leading to the conclusion that as the distance between Pand L
increases, it is increasingly unlikely that there exists a relation between the person and the location.

A Naive, Distance-Based System. Based on the findings in Figure 1, a naive system is implemented.
When the minimal distance between person and place pairs exceeds A(P, L) > 80, the likelihood of
Jx = FALSE tends towards a 100 % ratio. For both relation types, the system predicts the TRUE label if the
minimum distance A(P, L) between mention pairs P and L is less than 80, and predicts FALSE otherwise,
as defined in Equation 5.

system(P, L, ¢) = true iff. A(Pj L)< 80 )

false otherwise

This system has an inherent limitation: it never predicts the label PROBABLE. Although it is very simple
in design, our preliminary experiments show that it outperforms the random baseline provided by the
HIPE-2026 shared task organizers. Therefore, we chose to include this system in our official submission.
Most notably, this approach works without any optimization procedure, making it very efficient in
inference and in general since no training is required.

Aside from its simple nature, this system’s findings in Figure 1 highlight something about the semantic
nature of this relation classification task. Specifically, the distance between entity pairs — or between
multiple candidate pairs, as is the case with this shared task — is correlated with the correct label y,.
To improve predictions from more sophisticated systems, knowledge from this naive, distance-based
system can be used to filter out possible misclassifications, especially when A(P, L) > 80. Additionally,
the threshold might be further optimized since it was solely derived visually from Figure 1.

4. Relation Classification with ITER

ITER [3] is a recent encoder-based model for named entity recognition (NER) and relation extraction
(RE). It performs on par with most generative models in this domain. Our choice of this model was
primarily due to its ability to leverage small discriminative Transformer models, as model efficiency is
another motivating factor for this shared task, aside from pure retrieval accuracy. However, several
adjustments were made to its inference process, because it is a traditional RE model that usually requires
identifying named entities in an input before classifying their relationships.

ITER Architecture. ITER uses a three-step process to recognize entities and to extract their relations.
The input is first passed into the encoder backbone, typically a discriminative BERT-like Transformer
model, to retrieve a latent, contextualized representation of the input. Based on the obtained sequence



ITER Input Construction

Original Article:

t = George Washington and John Adams were seen in New York last week. Washington and Adams were
in N.Y. for a political meeting and were seen exploring Times Square.

Given Person and Location Pair in t:

P = {George Washington, Washington}

L = {New York, N.Y.}

Shortest Mention:

p = argmin, [p| = Washington

[=arg minlj Ll = N.Y.

Model Input:

t = Washington [HEAD] N.Y. [TAIL] George Washington and John Adams were seen in New York last
week. Washington and Adams were in N.Y. for a political meeting and were seen exploring Times Square.

Figure 2: Example for the sample construction of an ITER model input. The shortest mentions of people and
places are prepended to the original input article and are separated by special meta tokens.

of latent vectors, the model first marks all positions t, as beginning a named entity or not. The
corresponding ending anchors for named entities are then identified, based on the knowledge of where
their respective start anchors are located, and again based on the latent representation. These two steps
identify the named entities in the input. In the third and final phase, the latent representations of start
and end anchors are combined to predict whether the corresponding named entity holds any relations
with any of the other identified named entities, using pairwise comparison. Assuming the number of
named entities is N, N x N combinations are tested for relations.

Input Augmentation. In this shared task, the named entities have already been identified and
supplied to the system as additional information. To facilitate inference for this model, the input t is
thereby augmented to include the information about the already recognized named entities in P and
L. Specifically, the shortest mention surface form® mentions of Pand L, p and [ with p = arg min B |pil
and [ = arg minlj |ljl, are prepended to the original contents of the historical news article t. Figure 2
shows an illustration of this process. Given this input augmentation, the general architecture and
inference procedure of ITER do not change in a meaningful way. The augmentation solely simplifies
the predictive process by providing hints for the named entities to identify, trivializing the NER task.

Label Space Augmentation. Using this model for the shared task presents another key challenge to
consider. Since ITER is a classical relation extraction model, it cannot assign labels to each relation.
Instead, it only predicts whether a relation exists between a pair of entities. This is problematic for the
AT relation, where the label space also includes the PROBABLE label. To address this issue, the prediction
process is augmented. The model is trained to predict three relation types — AT, 1SAT and a helper
type AT-PROBABLE. At inference time, the assigned label for both core relations AT and 1SAT is FALSE by
default. If the model predicts that person P has a relation AT-PROBABLE with location L, the output for
the AT relation is changed to PROBABLE. In the other two cases, i.e., a prediction of AT and 1SAT, the
output of the respective relation is changed to TRUE.

Base Model Selection. ITER requires an encoder model as its backbone; specifically, a Transformer-
based model. To identify the most suitable model, we conducted preliminary experiments using only
the Silver Train A dataset for the English language. We selected hmBERT [4], the TINY variant of the

*The decision to use only the shortest mention surface forms was made to increase the length of the input article by the
smallest amount possible.



T5 [5, 6] encoder model, and both DeBERTaV3 [7] models as potential candidates. This selection is
based on task harmonization (hmBERT), parameter efficiency (T5), and model recency (DeBERTaV3).

Table 1

Comparison of different backbone models for ITER in terms of macro-recall. The base variant of DeBERTaV3
outperforms its larger counterpart, as well as the very small T5 and hmBERT models. All four models were
trained on the English Gold Train A dataset. The Silver Dev A dataset was used for evaluation during training
and the final scores reported are based on the English Silver Train A dataset.

Model MacroRecall at MacroRecall isAt Macro Recall
hmBERT 0.4748 0.5000 0.4874
T5 TINY 0.5683 0.5000 0.5341
DeBERTaV3 (base) 0.6012 0.5000 0.5506
DeBERTaV3 (]arge) 0.5921 0.5000 0.5460

The results of this process are shown in Table 1. In these preliminary tests, the base variant of
DeBERTaV3 performed best with respect to the macro-recall metric and was therefore used for all
subsequent experiments. ITER consistently achieves a MacroRecall isAt score of 0.500 in all settings,
which we investigate further and find that it stems from the fact that the model is only predicting FALSE
for the 1SAT relation. While this is a significant shortcoming of the model, we do not conduct any
additional error analysis.

5. In-Context Learning with Large Language Models

In addition to evaluating a distance-based relation classification system and an encoder-based ITER
approach, we examined instruction-tuned LLMs in an in-context learning setting. Rather than training
a dedicated classifier, we framed the task as multilingual relation classification via prompting. Formally:
Given a document t and a pair of entities (p, [), consisting of a person mention p and a location mention
I, we instructed the model to predict the relation labels AT and 1SAT directly in a structured JSON format.

Model Comparison. We evaluated several small, instruction-tuned language models with 0.8 to
7 billion parameters. The evaluated models include Qwen3.5 0.8B* [8], Qwen3.5-2B° [8], Mistral 7B
Instruct® [9], Llama 3.2 1B Instruct’ [10], and LEM2 1.2B Instruct® [11]. The results are summarized
in Table 2, which reports only selected configurations from the screening stage in order to keep the
comparison focused on model-level differences. The more extensive prompt-level evaluation of the
ultimately selected model Qwen3.5-2B is reported separately in Appendix B. This table should be
understood as a screening experiment rather than a complete multilingual comparison of all candidate
models. We first evaluated the candidate models primarily in English and then added selected German
runs to assess whether performance changed substantially with prompts in different languages. French
was not included for all models in this exploratory stage because the goal was to identify a compact
model-prompt configuration for the final multilingual submission. The final selected configuration was
then evaluated for all three languages, with the prompt-level results reported in the appendix.
Generally, smaller models exhibited greater sensitivity to the phrasing of the prompt and lower
multilingual robustness. Larger models, on the other hand, achieved better results, albeit at the cost of
higher computational overhead and larger checkpoint sizes. Since the joint task includes an efficiency
profile, we preferred models with smaller file sizes that demonstrated stable performance when executing
commands in all three task languages. For the final LLM run, we chose Qwen3.5-2B because it offered a

*https://huggingface.co/Qwen/Qwen3.5-0.8B
*https://huggingface.co/Qwen/Qwen3.5-2B
Shttps://huggingface.co/mistralai/Mistral-7B-Instruct-v0.3
"https://huggingface.co/meta-llama/Llama-3.2-1B
8https://huggingface.co/Liquid AI/LFM2.5-1.2B-Instruct
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Table 2

Overview of model evaluation results from the screening experiments. The table reports selected model-prompt
configurations used to compare compact instruction-tuned models. Detailed prompt-level results for the final
Qwen3.5-2B model are reported in Tables 7, 8, and 9.

Model Lang Prompt MacroRecall_at MacroRecall_isAt Macro Recall
LLM-Baseline (Mistral3-3B) en - 0.4587 0.6564 0.5576
LiquidAl/LFM2-1.2B-Instruct en V2 0.3742 0.5073 0.4408
LiquidAl/LFM2-1.2B-Instruct en V4 0.3467 0.4842 0.4154
LiquidAl/LFM2-1.2B-Instruct en V5 0.3049 0.5096 0.4072
meta-llama/Llama-3.2-1B-Instruct en V2 0.3321 0.5054 0.4187
meta-llama/Llama-3.2-1B-Instruct en V3 0.3343 0.5098 0.4220
meta-llama/Llama-3.2-1B-Instruct en V5 0.3113 0.5098 0.4105
Qwen/Qwen-3.5-0.8B en V2 0.3646 0.5460 0.4553
Qwen/Qwen-3.5-0.8B en V3 0.4665 0.6055 0.5360
Qwen/Qwen-3.5-0.8B en V4 0.3538 0.5158 0.4348
Qwen/Qwen-3.5-0.8B en V5 0.3266 0.5274 0.4270
Qwen/Qwen-3.5-0.8B de V3 0.3714 0.5066 0.4390
Qwen/Qwen-3.5-0.8B de V4 0.3490 0.5211 0.4351
Qwen/Qwen-3.5-0.8B de V5 0.3506 0.4960 0.4233
Qwen/Qwen3.5-2B en V2 0.4320 0.7090 0.5705
mistralai/Mistral-7B-Instruct-v0.3 en Vi 0.4637 0.5377 0.5007
mistralai/Mistral-7B-Instruct-v0.3 en V3 0.3798 0.6805 0.5301
mistralai/Mistral-7B-Instruct-v0.3 en V4 0.2697 0.7061 0.4879
mistralai/Mistral-7B-Instruct-v0.3 en V5 0.3951 0.6739 0.5345

smaller size and stable inference on a single GPU while delivering competitive multilingual performance.
Our final choice prioritized efficiency over the LLM configuration with the highest score.

Prompt Engineering. To avoid additional cross-linguistic effects when following the instructions,
the prompt instructions were written in the same language as the source document (i.e., English,
German, or French). All prompt variants followed the same inference protocol. For each document, we
reviewed all the provided person-location pairs and provided the model with a separate prompt for
each pair. Each prompt contained the publication date, the full article text, and mentions of the current
person and location. All prompts instructed the model to predict both relations, AT and 1sAT, within a
specified JSON schema. We have explicitly specified that PROBABLE is a valid label only for AT, while
ISAT allows only TRUE and FALSE.

The prompt variants were developed iteratively and differed in terms of their level of detail, the
calibration of the PROBABLE label, the use of examples, and the scope of the step-by-step instructions.
Table 6 provides an overview of the evaluated prompt versions in Appendix A. The results for all
evaluated prompt variants of the model that was ultimately selected are listed in Tables 7, 8, and 9 in
Appendix B.

Overall, compact prompts demonstrated more robust performance than longer, more descriptive
prompts when used with small, instruction-tailored models. In some cases, few-shot prompts improved
recall for PROBABLE predictions but often reduced the accuracy of TRUE. Longer and more guided
prompts often caused the model to collapse toward overproduction or suppression of the PROBABLE
label, particularly for models with fewer than 1 billion parameters. The final submission uses prompt
version V2, as it demonstrated the most stable overall performance in experiments with Qwen3.5-2B
for English, German, and French. Among the evaluated alternatives, V7 was the closest competing
prompt variant as it slightly outperformed V2 in German. But V2 achieved higher global macro recall
for English and French and the better average across all three languages as well as consistently valid,



structured outputs.

Because the small LLMs in the experiment at times produced invalid JSON or added extra text to
the target output, we created a parsing and repair pipeline. First, we parsed the generated output
directly as JSON. If parsing failed, we tried to reconstruct the JSON object using bracket matching from
the generated text. If that failed as well, we used regular expression-based recovery to extract valid
relationship labels. Predictions that could not be recovered were assigned fallback labels of FALSE. After
parsing, we normalized all labels based on the allowed label sets for the respective relations. Finally, we
performed a consistency correction step to prevent invalid outputs where 1SAT was predicted as TRUE
while AT was predicted as FALSE.

The repair pipeline mainly served as a safety guard and we did not log exact recovery frequencies
for the final analysis, therefore we report its impact qualitatively. Incomplete or invalid JSON occured
rarely overall, but was observed more often in the smallest models, especially in combination with
longer more complex prompts. The issue was most visible for models below 1B parameter size, for
larger models and for the final configuration with Qwen3.5-2B and V2, structured-output failures where
uncommon.

6. Experimental Setup

This section provides fine-grained information about how we set up our experiments. Additionally, we
offer supplementary details on the encoder-based and in-context learning approaches.

Table 3

Overview of the HIPE-2026 shared task data for English, French, and German. A total of 721 samples are provided,
containing 1,251 and 8,251 annotations for the 1SAT and AT relations for human-annotated and LLM-annotated
data, respectively.

Quality Language Split # Samples # ISAT ‘ # AT
# TRUE # FALSE # TRUE # FALSE # PROB. )
English train 35 83 224 125 152 30 614
Human- .
Annotated French train 35 107 371 181 269 28 956
German train 34 89 377 135 269 62 932
Y — 104 279 972 441 690 120
- 1,251 1,251
Enclish train 56 77 419 98 239 159 992
& dev 17 18 133 29 68 54 302
Ensemble Votin French train 317 466 3,984 636 2,727 1,087 8,900
& dev 107 127 1,371 179 952 367 2,996
German train 88 134 1,090 188 703 333 2,448
dev 32 29 403 11 244 147 864
617 851 7,400 | 1,171 4933 2,147
2= 8,251 8,251
721 9,502 9,502 19,004

Official Shared Task Data. For the three languages of the shared task, the organizers of HIPE-2026
provide 104 human-labeled and 617 LLM-labeled historical news articles’. An overview of the provided
data is shown in Table 3. Final submissions were generated using four unlabeled official test files
released by the organizers. The test files encompassed in-domain evaluation data for all three languages
— English, French and German - as well as the out-of-domain French literary surprise test set and

*https://github.com/hipe-eval/HIPE-2026-data/releases/tag/v1.0
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comprised of 19, 19, 19 and 30 samples, respectively. The remainder of this section contains information
about the experimental setup for each system introduced individually.

System 1/Distance Based Relation Classification. To calibrate the cutoff distance A, all 9,502
PER-LOC pairs from Gold and Silver Train A as well as Silver Dev A in all languages are used (see Table 3).

System 2/ITER. Each per-language ITER model is trained using a single NVIDIA H100 GPU. For
the three languages, Gold Train A data is used for training, while Silver Dev A and Silver Train A data
are used for validation during training and final post-training validation, respectively. ITER provides
fine-grained control over its training hyperparameters. GELU [12] is used as the activation function
for the multilayer perceptron (MLP) parameters of the model. The intermediate MLP dimension is
2,048. The MLP parameters and those of the underlying base model are trained using AdamW [13] with
learning rates of 1x 107 and 5 x 10>, respectively. A weight decay of 0.1 and 0.02 is also applied. Both
learning rates decay to 10 % of their original value over the course of model training, using a cosine
schedule. Optimization is performed for 80,000 steps, and evaluation is done in 5,000-step intervals. An
in-depth hyperparameter search is not conducted, and hyperparameters that incentivize a low training
loss are manually selected.

System 3/Prompted LLM. The final prompting run used Qwen3.5-2B with prompt version V2.
Various prompts and models were evaluated using human-annotated data for all three languages.

The model is served using vLLM on a single RTX 3090 GPU with float16 precision and a maximum
context length of 4,096 tokens. The tensor parallel size is set to 1, and the GPU memory utilization is set
to 0.90. Inference is performed via the OpenAl-compatible chat API. We used deterministic decoding
with a temperature of 0.0, top_p=1.0, and top_k=-1; therefore, neither nucleus sampling nor top-k
filtering was applied. The repetition penalty is set to 1.05, and max_tokens is set to 256. For models
that support chat template options, thinking is disabled via chat_template_kwargs.

7. Results

As shown in Table 4, the official HIPE-2026 efficiency rankings reveal a clear trade-off between accuracy
and efficiency across all evaluated approaches.

Table 4

Official HIPE-2026 efficiency profile rankings across Newspaper test sets, grouped by language. The distance-
based system outperforms both the encoder- and LLM-based methods, primarily due to its superior parameter
and model size rankings. In total, the evaluation encompasses and ranks a total of 45 systems by 15 participants,
with three systems per participant.

Approach Macro Recall Acc. Rank Param. Rank Size Rank Eff. Score Rank
German

Distance-based RC 0.4678 32 1 1 11.33 5
ITER 0.4162 41 6 5 17.33 15
LLM 0.4378 37 18 19 24.67 29
English

Distance-based RC 0.4624 32 1 1 11.33 2
ITER 0.4313 40 7 6 17.67 13
LLM 0.4466 35 19 20 24.67 26
French

Distance-based RC 0.4902 25 1 1 9.00 1
ITER 0.4333 37 6 5 16.00 10

LLM 0.5091 24 18 19 20.33 17




The distance-based RC achieved the highest efficiency scores across all languages, ranking first
for French, second for English, and fifth for German. Its strong performance and high ranking are
primarily due to its lack of model parameters. While the distance-based approach did not always achieve
the highest accuracy, its performance surpassed that of the small LLM. For English and German, the
approach achieved higher accuracy than ITER while requiring practically no additional parameters.
For French, however, the LLM-based approach achieved the highest overall accuracy, outperforming
the distance-based RC by about 1.9%. However, this improvement came at a comparatively high
computational cost, resulting in a significantly lower efficiency ranking of 17 compared to first place for
distance-based RC. While ITER consistently occupies a middle position and outperforms the LLM in the
overall efficiency ranking due to its lower parameter and disk size count, its accuracy lags behind both
alternatives in all languages. The accuracy rankings in Table 5 further emphasize the distance-based
approach’s competitive performance across most languages.

Table 5

Official HIPE-2026 accuracy profile rankings across Newspaper test sets, grouped by language. For English
and German Test A, as well as Test B, the distance-based measure outperforms our other systems in terms
of accuracy. The only exception is the main French test set, where the LLM system ranks 26'™". In total, the
evaluation encompasses and ranks a total of 45 systems by 15 participants, with three systems per participant.

Approach Macro Recall MacroRecall at MacroRecall isAt Rank
German

Distance-based RC 0.4678 0.3906 0.5450 35
ITER 0.4162 0.3324 0.5000 44
LLM 0.4378 0.3619 0.5136 40
Random Baseline 0.4058 0.3211 0.4906 45
English

Distance-based RC 0.4624 0.3781 0.5467 35
ITER 0.4313 0.3626 0.5 43
LLM 0.4466 0.3251 0.5680 38
Random Baseline 0.3733 0.2532 0.4935 47
French

Distance-based RC 0.4902 0.4001 0.5802 28
ITER 0.4333 0.3667 0.5 40
LLM 0.5091 0.4112 0.6070 27
Random Baseline 0.4355 0.3449 0.5262 49
French (Test B)

Distance-based RC 0.3755 0.3755 - 34
ITER 0.3580 0.3580 - 42
LLM 0.3546 0.3546 - 43
Random Baseline 0.3628 0.3628 - 39

8. Conclusion

We present three efficiency-oriented systems for the HIPE-2026 person-location relationship classi-
fication task. The distance-based RC demonstrates that simple positional information is an effective
indicator of non-existent relations and offers a valuable baseline that does not require training. As for
ITER, this task reveals the limitations of methods that use small embedding models compared to billion-
parameter language models. Although it is very efficient in terms of disk size and parameter count, this
approach does not keep up with the distance-based baseline, even in terms of raw retrieval accuracy,
and it ranks third for all languages. The prompt-based LLM system shows that small, instruction-tuned
models can make valid predictions with prompting for AT and 1SAT, but performance is still sensitive to
prompt design and poor in the PROBABLE class. Overall, our results suggest that systems can benefit



from paying attention to structural text cues for pre-selection when the focus is on efficiency.
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A. Prompt Versions

Table 6

Overview of evaluated prompt variants, their design rationale, and observed behavior during development. The
full prompt templates used in the experiments are available in an accompanying GitHub Gist.

Prompt  Type Main design idea Observed behavior
\2! Long rule-based Detailed definitions for both Reasonable but verbose; not the
prompt relations, explicit warnings against strongest small-model prompt.
co-mention, nationality, and titles;
asks the model to identify evidence
before returning JSON.
V2 Short compact Minimal multilingual prompt with Most stable Qwen3.5-2B prompt
prompt direct definitions, concise warnings,  on gold diagnostics; final
and strict JSON output. efficiency prompt.
V3 Very compact Shorter classification prompt with Worked well for Qwen3.5-0.8B
prompt compressed definitions and JSON in early English runs, but not
schema. consistently best later.

V4 Few-shot prompt Long multilingual prompt with Encouraged PROBABLE, but often
hand-written examples for label overcorrected and reduced TRUE
combinations, including PROBABLE. recall.

V5 Strict/guided-style More constrained JSON-oriented Often conservative; for Qwen it

prompt prompt emphasizing strict labels and  tended to produce no PROBABLE.
concise evidence.

V6 Step/order prompt  Asks the model to decide at first and  More conservative; did not
isAt second, with strict consistency  improve over V2.
instructions.

\% Decision-tree Silently classify at evidence as Most competitive prompt

prompt

DIRECT, INDIRECT, or NONE, then
map to TRUE, PROBABLE, or FALSE.

compared to V2.



https://gist.github.com/griesbeck/c2c54f06fe7adddda9088439ef9883e0

B. Prompt Results

Table 7
Prompt results for English.

Model: Qwen 3.5 2B - EN

ISAT

AT

Global

Prompt Version

Accuracy Macro Recall

Accuracy Macro Recall

Macro Recall

V1 0.7296 0.5341 0.5863 0.4255 0.4798
V2 0.6971 0.7090 0.5798 0.4320 0.5705
V3 0.6808 0.5992 0.5244 0.4009 0.5001
V4 0.4332 0.5547 0.1857 0.3682 0.4614
V5 0.7492 0.6537 0.6059 0.4306 0.5244
Vé 0.7459 0.6325 0.6319 0.4515 0.5420
V7 0.6645 0.6487 0.6319 0.4614 0.5551

Table 8

Prompt results for German.

Model: Qwen 3.5 2B - DE ISAT AT Global

Prompt Version

Accuracy Macro Recall

Accuracy Macro Recall

Macro Recall

V1 0.8090 0.5000 0.5773 0.3333 0.4167
V2 0.7897 0.5696 0.6052 0.3839 0.4767
V3 0.7639 0.5365 0.5815 0.3875 0.4620
V4 0.5966 0.6436 0.3884 0.3777 0.5105
V5 0.8090 0.5000 0.5772 0.3333 0.4167
Vé 0.8069 0.4987 0.5751 0.3321 0.4154
V7 0.8197 0.5882 0.5987 0.3716 0.4799

Table 9

Prompt results for French.

Model: Qwen 3.5 2B - FR ISAT AT Global
Prompt Version Accuracy Macro Recall Accuracy Macro Recall Macro Recall

V1 0.7762 0.5000 0.5565 0.3356 0.4178
V2 0.6109 0.5565 0.5230 0.3622 0.4593
V3 0.7594 0.5191 0.5439 0.3475 0.4333
V4 0.5921 0.5510 0.3243 0.3005 0.4258
V5 0.7678 0.5312 0.5711 0.3479 0.4396
Vé 0.7782 0.5346 0.5711 0.3455 0.4401
V7 0.4812 0.5228 0.5084 0.3686 0.4457
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