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Abstract
This paper describes the MILRIT participation in the HIPE-2026 shared task on person–place relation extraction
from multilingual historical newspapers. The task requires predicting whether a person is associated with a
place through the at relation and whether this association holds within the temporal horizon of the document
through the isAt relation. We submitted three systems exploring two methodological directions: generalist
relation extraction with GLiREL and task-specific multilingual encoder fine-tuning. The first two runs use GLiREL:
one fine-tunes DeBERTa as a component of GLiREL, and the other trains an Multilayer Perceptron (MLP) with
GLiREL relation scores as input. The third run uses a multilingual DeBERTa-v3-base encoder with explicit entity
marking, temporal anchoring, and multi-view training based on original and enriched input representations.
Official results show that the multi-view mDeBERTa-v3 system achieved our best performance, with a mean score
of 0.5951, ranking 15th among submitted runs and 8th at the team level in the Accuracy Profile. It also ranked
first in both the Efficiency Profile and the Balanced Efficiency Profile, showing a favourable accuracy–efficiency
trade-off. The results suggest that compact, task-oriented multilingual encoders with carefully designed input
representations can be robust for historical person–place relation extraction, while non-fine-tuning of generalist
relation extraction models may require further adaptation to generalize effectively.
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1. Introduction

Historical newspapers are valuable sources for studying people, places, events, and mobility over
time. However, extracting person–place relations from such material is challenging because historical
documents often contain OCR noise, spelling variation, multilingual content, and indirect formulations.
Moreover, the co-occurrence of a person and a place in the same article does not necessarily mean that
a relation holds between them.

Relation extraction (RE) is a central task in information extraction, aiming to identify semantic
relations between entities in text. Recent work has shown that language-model-based approaches
dominate many RE settings, while large language models have opened new possibilities for few-shot,
zero-shot, and generative information extraction [1, 2]. At the same time, document-level extraction
remains difficult because relations may be expressed across sentence boundaries and may require
reasoning over broader contexts, entity mentions, and implicit evidence [3]. These challenges are
amplified in historical corpora, where OCR errors, archaic language, and incomplete contextual cues
make relation classification particularly difficult.

The HIPE-2026 shared task [4, 5] focuses on person–place relation extraction from multilingual
historical texts. Given a document with pre-identified person and place entities, systems must classify
all possible person–place pairs according to two relation types. The at relation indicates whether the
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person was ever associated with the place before or at the time of publication, while isAt indicates
whether the person was located there in the immediate temporal context of the document. The at
relation is classified as TRUE, PROBABLE, or FALSE, and the isAt relation is classified as TRUE or FALSE,
depending on the strength of the textual evidence.

This task requires both relation extraction and temporal interpretation in multilingual historical
newspaper articles in German, French, and English. A person may be connected to a place through
residence, travel, public office, institutional affiliation, military command, or participation in an event.
Some of these relations are long-term, while others are valid only for a short period. The distinction
between at and isAt therefore requires systems to determine not only whether a relation exists, but
also whether it holds close to the publication date.

Our participation investigates three submitted runs. Runs 1 and 2 are based on GLiREL, a generalist
model for zero-shot relation extraction that predicts relation labels between multiple entities in a single
forward pass [6]. Run 1 fine-tunes a DeBERTA encoder as a component of GLiREL on the available
HIPE relation extraction data, while Run 2 uses GLiREL as a relation-evidence extractor and trains a
lightweight MLP classifier. Run 3 uses a multilingual DeBERTa-v3-base [7] encoder with explicit entity
marking [8, 9], temporal anchoring, and multi-view training [10]. These runs allow us to compare
task-specific fine-tuning, direct transfer, and a specialized multilingual classification approach for
historical person–place relation extraction.

The remainder of this paper describes the submitted systems, reports their results and efficiency
characteristics, and discusses the main challenges observed during our participation.

2. System Descriptions

We submitted three runs. Runs 1 and 2 are based on the GLiREL architecture. Run 1 uses GLiREL
after fine-tuning its DeBERTa component on the task data, whereas Run 2 keeps GLiREL as a relation-
evidence extractor and uses its relation score vectors as input to a lightweight MLP classifier. Run 3
was based on a multilingual DeBERTa-v3 model with multi-view training and temporal/contextual
enrichment.

2.1. Run 1: Fine-tuned DeBERTa–GLiREL

Run 1 fine-tunes the DeBERTa encoder inside GLiREL and then converts the resulting relation scores
into at and isAt predictions through score aggregation and thresholding. The Gold Train A and
Silver Train A sets are combined and split into two subsets: 80% is used for model training and 20% for
threshold calibration. The Silver Dev A set is used for validation. During training, the DeBERTa encoder
parameters were updated to adapt the model to the HIPE task.

GLiREL is trained with three positive relation labels:

ℛ = {at_TRUE, at_PROBABLE, isAt_TRUE}.

Negative labels are are derived later when the corresponding positive scores are below the learned
thresholds. For each sampled pair (𝑒per𝑖 , 𝑒loc𝑖 ), a context window 𝑥𝑖 contains the two entities and the
text between them, is extracted (referred to here as the entity–text–entity context window). The base
model is loaded from the pretrained GLiREL checkpoint. The maximum input length is set to 512 tokens,
and the relation label set is fixed to ℛ. The DeBERTa encoder produces embeddings:

𝐻𝑖 = DeBERTa𝜃(𝑥𝑖).

GLiREL then scores each relation label 𝑟 ∈ ℛ for the target person–location pair:

𝑠𝑖,𝑟 = 𝑓𝜃

(︁
𝐻𝑖, 𝑒

per
𝑖 , 𝑒loc𝑖 , 𝑟

)︁
, 𝑟 ∈ ℛ.

Thus, each window is represented by a GLiREL score vector:

s𝑖 = [𝑠𝑖,at_TRUE, 𝑠𝑖,at_PROBABLE, 𝑠𝑖,isAt_TRUE].



The model is optimised using the binary cross-entropy loss function, which is also GLiREL’s internal
loss function:

ℒBCE = − 1

𝑁

𝑁∑︁
𝑖=1

∑︁
𝑟∈ℛ

[𝑦𝑖,𝑟 log 𝑠𝑖,𝑟 + (1− 𝑦𝑖,𝑟) log(1− 𝑠𝑖,𝑟)] ,

where 𝑦𝑖,𝑟 ∈ {0, 1} indicates whether relation 𝑟 is present for the target pair in window 𝑥𝑖.
The scores are converted into final labels using three thresholds chosen to maximise the macro recall

on the Silver Dev A set:
𝜏 = (𝜏at_TRUE, 𝜏at_PROBABLE, 𝜏isAt_TRUE).

The final labels are assigned by thresholding the GLiREL scores.

2.2. Run 2: GLiREL-Score MLP

Unlike Run 1, which fine-tunes the DeBERTa encoder within GLiREL, Run 2 keeps GLiREL fixed and
uses it as a relation-evidence extractor. The resulting GLiREL score vectors are passed to a lightweight
MLP composed of linear layers with ReLU activations and dropout, with a hidden dimension of 64.
The MLP uses two task-specific output heads to predict the at and isAt labels. It is trained on the
combined Gold Train A and Silver Train A sets, while the Silver Dev A set is used for validation, as in
Run 1. This system extracts sentence-level context windows instead of entity–text–entity. Let 𝑠(𝑒)
denote the sentence containing entity 𝑒. If the person and location mentions occur in the same sentence,
the context is:

𝑥𝑖 = 𝑠(𝑒per𝑖 ) = 𝑠(𝑒loc𝑖 ).

If they occur in different sentences, the two sentences are concatenated in document order:

𝑥𝑖 = 𝑠(𝑒per𝑖 ) ‖ 𝑠(𝑒loc𝑖 ).

Inspired by [8], the target mentions are then marked:

𝑥𝑖 = <PER> 𝑒per𝑖 </PER> . . . <LOC> 𝑒loc𝑖 </LOC>.

or the reverse order if the location appears first in the document.
Given a fixed set of 𝑀 relation labels, GLiREL produces a relation-score vector:

𝑠𝑖 = [𝑠𝑖1, 𝑠𝑖2, . . . , 𝑠𝑖𝑀 ] ∈ R𝑀 ,

The following candidate relation labels are used for GLiREL:

• is in
• is located in
• visited
• travelled to

• arrived in
• stayed in
• lived in
• worked in

• was born in
• died in
• is associated with
• is from

In this system, the classifier uses only the GLiREL score vector as input:

ℎ𝑖 = MLPshared(𝑠𝑖).

Two task-specific heads are then used to predict the two relations:

𝑦𝑎𝑡𝑖 = softmax(𝑊𝑎𝑡ℎ𝑖 + 𝑏𝑎𝑡),

𝑦𝑖𝑠𝐴𝑡
𝑖 = softmax(𝑊𝑖𝑠𝐴𝑡ℎ𝑖 + 𝑏𝑖𝑠𝐴𝑡).

The at head performs three-class classification over TRUE, PROBABLE, and FALSE, while the isAt
head performs binary classification over TRUE and FALSE.



The model is trained with a multi-task cross-entropy objective:

ℒ = ℒ𝑎𝑡 + ℒ𝑖𝑠𝐴𝑡.

For one training batch ℬ, the losses are:

ℒat =
1

|ℬ|
∑︁
𝑖∈ℬ

log ŷat
𝑖,𝑦at𝑖

,

ℒisAt =
1

|ℬ|
∑︁
𝑖∈ℬ

log ŷisAt
𝑖,𝑦isAt

𝑖
.

This system aims to keep the system lightweight while benefiting from the GLiREL relation score.
The MLP learns how patterns in the GLiREL score space correspond to the annotation scheme, without
fine-tuning the entire underlying encoder.

2.3. Run 3: mDeBERTa-v3 with Multi-view Training

Run 3 uses a multilingual DeBERTa-v3-base encoder with a multi-view training strategy. This system
differs from Runs 1 and 2 in both architecture and training procedure. Instead of using GLiREL, it uses
a shared mDeBERTa-v3 encoder with classification heads for the two subtasks.

The input representation marks the mentions of the target person and location directly in the text.
Person mentions are wrapped with section signs, while location mentions are wrapped with pilcrow
signs. A date prefix is also added to provide temporal information for the isAt subtask as depicted
in Figure 1. The special markers are chosen because they are rare in historical newspaper text and
remain identifiable after tokenisation. They help the model distinguish the target pair from other entity
mentions in the same document.

Inspired by [10], the mDeBERTa-v3 system uses a shared encoder and two classification heads: one
for the three-way at classification task and one for the binary isAt classification task. The model
is trained with weighted cross-entropy to compensate for class imbalance, since negative examples
dominate both subtasks.

We used a standard classification, Categorical Cross-Entropy (CCE). However, in a multi-view setup,
we calculate the loss for each view independently and sum them up:

ℒ𝐶𝐸 =
𝑉∑︁
𝑖=1

ℒ𝑖
𝐶𝐸(𝑦, 𝑦𝑖)

where 𝑉 is the number of views, in our case, equal to 3, 𝑦 is the true label, and 𝑦𝑖 is the prediction from
view 𝑖.

The model is penalised if the probability distribution of View 1 differs significantly from View 2. This
forces the model to find features that are invariant across all views.

ℒ𝐽𝑆𝐷 = 𝐷𝐾𝐿(𝑃𝑣𝑖𝑒𝑤1||𝑃𝑣𝑖𝑒𝑤2)

By using the InfoNCE (Information Noise-Contrastive Estimation) loss, the model is trained to recognise
that View 1 and View 2 of a given document should be closer in vector space than View 1 of the same
document and View 2 of any other document in the batch.

ℒ𝐼𝑛𝑓𝑜𝑁𝐶𝐸 = − log
exp(sim(𝑧𝑖, 𝑧𝑗)/𝜏)∑︀2𝑁
𝑘=1 exp(sim(𝑧𝑖, 𝑧𝑘)/𝜏)

In the multi-view setting, each candidate pair is represented through several complementary
views as presented in Figure 1. The first view contains the original marked text. Additional
views contain enriched versions of the input, including natural-language analyses generated using



V1 – Original (train
& test)

[Date: 1960-04-06]

[. . . ] Friday

night the troops!

competing joined

in a camp fire

meeting and heard

an ad dress by

§Col.Gruenwald§,

com manding

officer of the

¶Myrtle Beach

Air Force Base¶.

[. . . ]

V2 – CoT Analysis (train only)

[Analysis: 1. OCR: “troops!”→“troops”; line-breaks in
‘campfire’, ‘address’, ‘commanding’ – entities legible.
2. Person: §Col. Gruenwald§ is the commanding of-
ficer of ¶Myrtle Beach AFB¶; addressed troops at the
Friday campfire. 3. Location: ¶Myrtle Beach AFB¶ is
a named military installation, linked to the person via
institutional role. 4. Relation: EXPLICIT – role-based
presence; camporee 10 d before pub., within 1-month win-
dow.]

[Date: 1960-04-06]

[. . . ] heard an ad dress by

§Col.Gruenwald§, com manding officer of

the ¶Myrtle Beach Air Force Base¶. [. . . ]

V3 – Self-Consistency
(train only)

[Analysis: EXPLICIT – direct
command role stated; event
within 1-month window. ‖
Explicit institutional link
(commanding officer of base);
camporee 10 d prior. ]

[Date: 1960-04-06]

[. . . ] heard

an ad dress by

§Col.Gruenwald§, com

manding officer of

the ¶Myrtle Beach Air

Force Base¶. [. . . ]

Figure 1: Multi-views used for Run 3. Left view correspond to original data with a marking strategy only
and it is used during training and test. Center view is a Chain-of-Thoughts (CoT) extension of the V1 with V1
concatenated at the end. Right is the self-consistency view. Center and Right views are only used during training.

Qwen/Qwen2.5-7B-Instruct (4-bit quantized). These enriched views are intended to make im-
plicit evidence more explicit, especially for temporal reasoning and for the distinction between TRUE,
PROBABLE, and FALSE.

The multi-view model is trained with a combination of classification and consistency objectives. The
training objective can be summarised as:

ℒ𝑡𝑜𝑡𝑎𝑙 = 𝛼ℒ𝐶𝐸 + 𝛽ℒ𝐽𝑆𝐷 + 𝛾ℒ𝐼𝑛𝑓𝑜𝑁𝐶𝐸

where ℒ𝐶𝐸 is the weighted cross-entropy loss, ℒ𝐽𝑆𝐷 [11] encourages prediction consistency across
views, and ℒ𝐼𝑛𝑓𝑜𝑁𝐶𝐸 [12] (with in-batch negatives) is a contrastive objective used to align representa-
tions of the same pair across different views. At inference time, the system uses the original marked
text view only, making the final prediction pipeline more efficient.

2.4. Official Runs

Table 1 summarises the submitted systems.

Table 1
Overview of the submitted CLEF-HIPE systems.

Run System Description
Run 1 Fine-tuned DeBERTa–GLiREL GLiREL relation extraction model with DeBERTA en-

coder fine-tuned on the CLEF-HIPE relation extraction
data.

Run 2 GLiREL-Score MLP GLiREL relation extraction model and MLP classifier
trained on GLiREL output scores

Run 3 mDeBERTa-v3-base multi-view Multilingual DeBERTa-v3-base encoder trained with
marked entity spans, temporal input, and multi-view
enriched representations.

3. Results

This section reports the official HIPE-2026 results for our team, identified as MILRIT in the official
ranking files. The official Accuracy Profile is computed on the Impresso test files. For each language file,



the impresso_profile_score is defined as the mean of the at macro-recall and the isAt macro-
recall. The final overall score is the mean of this profile score over the submitted language files. The
Efficiency Profile combines the accuracy rank, the parameter-count rank, and the model-size rank, while
the Balanced Efficiency Profile gives more weight to the accuracy rank. The values reported below are
taken from the official HIPE-2026 evaluation results.

Table 2
Official Accuracy Profile ranking. The table reports the top run-level submissions for context and includes all
three MILRIT runs. The team-rank column keeps only the best run per team; non-best runs from the same team
are marked with “–”. MILRIT runs are highlighted.

Run rank Team rank Team Run Mean Impresso score
1 1 Spinfo run1 0.7479
2 – Spinfo run3 0.7289
3 2 MaxFo-Ajie run1 0.7001
4 – Spinfo run2 0.6890
5 3 whereami run1 0.6880
6 – whereami run2 0.6833
7 – MaxFo-Ajie run2 0.6690
8 4 Awakened run3 0.6671
– 5 INSA Lyon run1 0.6390
– 6 gipplab run2 0.6271
– 7 Hansel&Gretel run3 0.6221
15 8 MILRIT run3 0.5951
21 – MILRIT run1 0.5623
44 – MILRIT run2 0.4264

3.1. Accuracy Profile

Table 2 reports the official overall Accuracy Profile results in a single view. The table keeps the strongest
run-level submissions for context and includes all three MILRIT runs inline. Since teams could submit
several runs, the run-rank column corresponds to the official ranking of individual submissions. The
team-rank column gives the corresponding ranking when only the best run per team is retained.

Our best submission was MILRIT Run 3, which obtained a mean Impresso profile score of 0.5951 and
ranked 15th among complete submitted runs. Under the team-level view, where only each team’s best
run is considered, MILRIT ranked 8th overall. Run 1 ranked 21st at the run level with a score of 0.5623,
while Run 2 ranked 44th with a substantially lower score of 0.4264.

These results indicate that the mDeBERTa-v3-base multi-view approach used in Run 3 was the most
robust of our submitted systems, followed by the fine-tuned DeBERTa–GLiREL setting used in Run 1.
In contrast, the lower performance of Run 2 suggests that the non-fine-tuned GLiREL-Score MLP
configuration did not generalise as expected on the official test set.

Table 3
Per-language official Accuracy Profile results for the MILRIT submissions. Detailed macro-recall scores are
reported for Run 3, our best overall submission. MR denotes macro-recall.

Language Run 1 score Run 2 score Run 3 score Run 3 rank Run 3 at MR Run 3 isAt MR
German 0.5802 0.4365 0.5886 16 0.5339 0.6433
English 0.4808 0.4353 0.5881 15 0.5099 0.6663
French 0.6261 0.4073 0.6087 19 0.5428 0.6746

Table 3 reports the per-language Accuracy Profile results for the three MILRIT submissions, with
detailed macro-recall scores for Run 3, our best overall submission. Run 3 obtained similar scores for
German and English, with slightly higher performance on French. Both Run 1 and Run 3 performed
best on French, while Run 2 was weaker across all languages.



3.2. Efficiency Profile

Table 4
Run-level Efficiency Profile ranking with corresponding team-level rank. Lower mean efficiency rank is better.
The team-rank column keeps only the best run per team; non-best runs from the same team are marked with “–”.
MILRIT runs are highlighted using the same colour code as in the accuracy tables.

Run
rank

Team rank Team Run Mean eff. rank Accuracy score Params Size MB

1 1 MILRIT run3 10.6667 0.5951 277,730,309 1,111
2 2 FI-CODE run2 11.3333 0.4734 0 0
3 3 DS@GT_HIPE run1 11.6667 0.5142 2,087,375 87
4 – DS@GT_HIPE run2 13.0000 0.4836 2,087,375 87
5 – DS@GT_HIPE run3 13.3333 0.4771 2,087,375 87
6 – MILRIT run1 14.6667 0.5623 466,577,920 1,780

The official results also include an Efficiency Profile, which combines the accuracy rank with resource-
related ranks, namely parameter count and model size. Table 4 reports the run-level ranking together
with the corresponding team-level rank, where only the best run per team is retained. Our Run 3
ranked first at both levels, with a mean Efficiency Profile rank of 10.6667. Run 1 also appeared among
the strongest efficiency-oriented submissions, ranking sixth at the run level.

3.3. Balanced Efficiency Profile

The Balanced Efficiency Profile gives more weight to accuracy than the standard Efficiency Profile: 0.5
for accuracy rank, 0.25 for parameter-count rank, and 0.25 for model-size rank. As shown in Table 5,
MILRIT Run 3 ranked first at both the run and team levels, while Run 1 ranked fifth at the run level.

Table 5
Run-level Balanced Efficiency Profile ranking with corresponding team-level rank. Lower balanced efficiency
rank is better. The team-rank column keeps only the best run per team; non-best runs from the same team are
marked with “–”. MILRIT runs are highlighted using the same color code as in the previous tables.

Run
rank

Team
rank

Team Run Balanced eff. rank Accuracy rank Param. rank Size rank

1 1 MILRIT run3 10.25 12 8 9
2 2 whereami run1 13.5 4 22 24
3 3 DS@GT_HIPE run1 13.75 23 5 4
4 – whereami run2 14 5 22 24
5 – MILRIT run1 14.75 18 12 11

Overall, our best accuracy result was obtained by Run 3, the mDeBERTa-v3 multi-view system. It
ranked 15th among individual runs and 8th at the team level in the overall Accuracy Profile, with
a score of 0.5951. It also outperformed the official baseline score of 0.5818. Run 1, the fine-tuned
DeBERTa within the GLiREL system, ranked 21st among runs with a score of 0.5623, while Run 2, the
GLiREL-score MLP, ranked 44th with a score of 0.4264. The contrast between Run 1 and Run 2 suggests
that fine-tuning GLiREL on the available data improved generalisation in this configuration. In contrast,
Run 3 achieved the strongest accuracy–efficiency compromise, ranking first in both the Efficiency Profile
and the Balanced Efficiency Profile.

4. Discussion

The submitted runs explore two complementary directions. Runs 1 and 2 evaluate whether a generalist
relation extraction model can be adapted to historical person–place relation extraction or reused as a
source of relation-evidence features. Run 1 tests task-specific adaptation through fine-tuning, while



Run 2 keeps GLiREl fixed and trains an MLP classifier using its relation score vectors. This comparison
helps assess whether GLiREL’s score space contains useful signals for the target labels without model
fine-tuning.

Run 3 investigates a more specialised approach based on multilingual encoder fine-tuning, explicit
entity marking, temporal anchoring, and multi-view learning. The use of entity markers helps the
model focus on the target person–place pair, while the date prefix provides a temporal anchor for the
isAt relation. Multi-view training further encourages the model to learn robust representations from
both original and enriched inputs.

The main challenges remain OCR noise, class imbalance, and the ambiguity of person–place relations.
In particular, distinguishing TRUE from PROBABLE is difficult because many historical relations are not
stated explicitly but can be inferred from context. Similarly, isAt requires temporal interpretation: the
system must decide not only whether a relation exists, but whether it holds close to the publication
date.

Overall, the three runs allow us to compare encoder-level adaptation within a generalist relation
extraction model, lightweight classification based on relation-score features, and a task-specific mul-
tilingual encoder approach. The results provide insight into how much task adaptation, temporal
information, and enriched training views contribute to person–place relation extraction in historical
newspapers.

5. Conclusions

This paper presents the MILRIT participation in the HIPE-2026 shared task on person–place relation
extraction from multilingual historical newspapers. We submitted three runs covering two method-
ological directions: generalist relation extraction with GLiREL and task-specific multilingual encoder
learning with multi-view training.

The comparison between our submissions suggests that model type and adaptation strategy strongly
influence performance in historical relation extraction. The generalist DeBERTa–GLiREL model showed
that direct fine-tuning improved generalisation in our setting. By contrast, the multi-view mDeBERTa-
v3 approach, which combines a compact multilingual encoder with explicit entity marking and temporal
anchoring, achieved our best accuracy and efficiency results. This suggests that, for noisy historical
newspapers, task-oriented encoder models with carefully designed input representations may be more
robust than directly adapting generalist relation extraction models.

The results also highlight the difficulty of the task. Historical newspaper text contains OCR noise,
spelling variation, multilingual content, indirect relations, and temporally ambiguous evidence. In
particular, distinguishing TRUE from PROBABLE remains challenging, since many relations are not
explicitly stated but can only be inferred from context. The isAt relation adds an additional temporal
dimension, requiring the system to decide whether a person–place relation holds close to the publication
date.

Future work should further investigate temporal modeling, richer document-level context, and more
robust strategies for handling noisy OCR. In particular, better integration of event time, publication time,
and entity-specific historical context could help distinguish long-term associations from short-term
location evidence.
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