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Abstract
The automatic generation of a pictogram sequence from a text input is a novel challenge in the NLP community.
It has the potential to support communication for people with complex communication needs, relying on
Augmentative and Alternative Communication. This paper presents an overview of the third edition of the
ImageCLEFtoPicto task that includes two sub-tasks: Text-to-Picto, whose goal is to produce a comprehensive
sequence of pictogram terms given a text input, and Next-Pictogram Prediction, which focuses on predicting the
most probable next pictogram in a given sequence. The main change compared to previous editions is a shift
in source language from French to English. As no aligned English text–pictogram resource or system targeting
ARASAAC previously existed, this edition establishes, to our knowledge, the first community-level benchmark
for English Text-to-Picto translation. The Speech-to-Picto sub-task offered in the second edition is not part of this
edition. Text-to-Picto attracted highly competitive submissions, with the top systems clustered within fractions
of a point (best run: 52.55 sacreBLEU, 71.69 METEOR, 31.48 PictoER). This suggests the task is approaching a
performance ceiling under current modelling approaches. The newly introduced Next-Pictogram Prediction
sub-task proved considerably harder, with the best system reaching 8.91% Top-1 accuracy, reflecting the scarcity
of training data relative to mainstream language modeling.
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1. Introduction

The ImageCLEFtoPicto task [1] is part of the ImageCLEF lab1 initiative, which aims to advance the
evaluation of technologies across a range of tasks (annotation, generation, classification). It offers
reusable benchmarking resources based on a large collection of multimodal data, supporting evaluations
in monolingual, cross-language, and language-independent contexts. The toPicto task is the third edition
of the task, with the goal of generating a pictogram translation from a text input. This natural language
processing (NLP) challenge introduces a novel type of multimodal data for training machine learning
models. The main change compared to previous editions is a shift in source language from French to
English. While text-to-pictograph systems have previously been developed for other languages [2]
and adapted to French and ARASAAC (Aragonese Center of Augmentative and Alternative Commu-
nication) [3], no aligned English text–pictogram resource or automatic English Text-to-Picto system
targeting ARASAAC existed at the outset of this work. To our knowledge, ToPicto 2026 constitutes
the first community-level benchmark for English Text-to-Picto translation. Participants are asked to
generate a sequence of pictogram terms from English text, adapting their systems to the linguistic,
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syntactic, and semantic specificities of English. In addition to the Text-to-Picto translation sub-task,
this edition introduces a new Next-Pictogram Prediction sub-task, which focuses on predicting the
most probable next pictogram in a given sequence. The Speech-to-Picto sub-task offered in the second
edition is not part of this edition.

Pictogram-based translation is an emerging NLP task that has recently drawn research interest for
its potential to help people with complex communication needs convey their messages [4]. For many
such individuals, a communication disorder disrupts the ordinary production or comprehension of
spoken, written, or signed language [5], whether as a congenital condition present from birth or as
an acquired condition arising after language has already developed. In both cases, Augmentative and
Alternative Communication (AAC) provide capacity techniques that supplement or replace spoken and
written language [6]. AAC is correspondingly used both to build communicative competence for the
first time and to recover it after its loss. The pictogram is a central element, a simplified iconic repre-
sentation of a concept (single word, multi-word expression, named entity, or entire sentence) designed
to resemble reality. Beyond conveying basic needs, AAC increasingly aims to support the fuller range
of communicative purposes that matter in everyday life, including storytelling [7], sharing experiences,
and maintaining relationships [8]. These dimensions bear directly on users’ social participation and
well-being. Despite these strengths, numerous environmental and financial barriers remain, such as the
limited time available for caregivers to learn and teach the use of an AAC tool. Tools that automatically
translate speech or text into pictograms can support interactions between AAC users and people in
their community with limited or no AAC experience. This edition of the ToPicto task seeks to address
this need by fostering the development of methods that generate accurate pictogram sequences from
English text and that predict plausible next pictograms, thereby helping reduce communication barriers.

This paper presents an overview of the ImageCLEFtoPicto task, and is organized as follows. We first
introduce the two sub-tasks in Section 2, Text-to-Picto and Next-Pictogram Prediction. In Section 3, we
explain the creation of the dataset. The evaluation methodology is presented in Section 4. Section 5
describes the participant results with a discussion, before concluding in Section 6 with insights into
future directions. The datasets and the scripts to evaluate the submissions are available in our official
Hugging Face repository2.

2. Task descriptions

2.1. Sub-task 1: Text-to-Pictogram Translation

The Text-to-Picto sub-task focuses on the automatic generation of a corresponding sequence of pic-
togram terms from an English text. This challenge can be viewed as a translation problem, where the
source language is English, and the target language is a sequence of English terms. Each of those terms
is paired to an ARASAAC pictogram, as illustrated in Figure 1. The provided translation has to follow
the specifications regarding a translation in pictograms, understandable by AAC users. ARASAAC is an
online resource of over 25,000 pictograms under a Creative Commons license (BY-NC-SA), and funded
by the Department of Culture, Sports, and Education of the Government of Aragon (Spain)3.

2.2. Sub-task 2: Next-Pictogram Prediction

The Next-Pictogram Prediction sub-task focuses on predicting the most probable next pictogram in
a given sequence. Given a (possibly partial) sequence of pictogram terms, participants are asked to
predict the pictogram term that most likely follows. This setting reflects assistive scenarios in which an
AAC interface suggests the next pictogram to a user as they compose a message, thereby reducing the
effort required to build a sequence. This sub-task is inspired by the work of Pereira et al. [9]. Concretely,
given a pictogram sequence with its final token withheld, participants must predict the missing final

2https://huggingface.co/ToPicto
3https://arasaac.org/
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Figure 1: Illustration of the Text-to-Picto sub-task. The input is an English text, and the output is a corresponding
sequence of English terms, each of which is paired to a unique ARASAAC pictogram.

Table 1
Format of the Text-to-Picto data.

Tag Definition Example

id: unique identifier of each utterance cefc-tcof-Acc_del_07-1
src: source of the utterance: text from oral transcription you cannot know
tgt: target of the utterance: sequence of pictogram terms you be_able_to know no
pictos: a list of pictogram identifiers linked to each pictogram

term (the size is the same as the target output)
[6625, 35949, 16885, 5526]

token. Systems are evaluated under a top-𝑁 accuracy setting, so a ranked list of candidate pictogram
terms is expected for each instance.

3. Dataset Description

3.1. Source Corpora

The data for the task is derived from the ProPicto-Orféo corpus [10], built from the Corpus d’Étude
pour le Français Contemporain (CEFC) [11]. It comprises spontaneous French speech drawn from a
range of situations (dialogues, meetings, and other interactional settings), for which a corresponding
sequence of pictogram terms, each linked to an ARASAAC pictogram, was produced. This type of
spontaneous, conversational text mimics the interactions between individuals who rely on pictograms
for communication support and their conversation partners. For this edition, the English text–pictogram
parallel data was constructed by translating a subset of the existing ProPicto-Orféo corpus into English,
yielding approximately 67,000 sentences. The French source transcripts were translated using an
instruction-tuned large language model explicitly prompted to preserve disfluencies and fillers, so that
the translated source retains the spontaneous-speech character of the original and remains consistent
with its pictogram target. Because ARASAAC pictograms are treated as language-independent, the
pictogram sequences themselves are retained from the French data; only the source transcripts are
translated, and the target pictogram terms are mapped from French to English via the ARASAAC API4.
As in previous editions, each source utterance is paired with a target sequence of pictogram terms, each
of which is aligned to a unique ARASAAC pictogram identifier.

3.2. Dataset Format

The data for the Text-to-Picto sub-task is contained in a JSON file, which includes the information
presented in Table 1 (for training and validation data; for the test set, only the id and src are provided).
The expected output is a JSON file giving, for each id, a hypothesis (hyp) corresponding to the predicted
sequence of pictogram terms. For the Next-Pictogram Prediction sub-task, the data is derived from the

4https://arasaac.org/developers/api

https://arasaac.org/developers/api


Table 2
Statistics of the Text-to-Picto train, validation, and test splits, covering the source texts (src) and the target
pictogram sequences (tgt).

Metric Train Validation Test

Number of utterances 59,278 4,397 4,305
Min length (words in src) 1 2 2
Min length (tokens in tgt) 3 3 3
Max length (words in src) 20 23 19
Max length (tokens in tgt) 8 8 8
Average length (words in src) 8.03 7.94 7.91
Average length (tokens in tgt) 6.40 6.34 6.33
Unique words in src 46,156 8,625 8,430
Unique tokens in tgt 6,721 2,969 2,912
Unique pictograms in picto_id 5,429 2,570 2,500

same underlying corpus as Text-to-Picto. At test time, the model is given all but the last token of a
pictogram sequence and must predict the missing final token; the expected output is a ranked list of
candidate pictogram terms for each instance. To prevent participants from recovering the withheld final
token by matching the input against the source corpus, the id field of the Next-Pictogram Prediction
data serves as a surrogate identifier rather than the original corpus identifier.

3.3. Dataset Statistics

The statistics of the Text-to-Picto train, validation, and test splits are described in Table 2. The table
reports information about the source texts (src) and the target pictogram sequences (tgt).

The full Text-to-Picto corpus comprises approximately 68,000 sentences, split into 59,278 training,
4,397 validation, and 4,305 test utterances. Two structural properties distinguish the task from conven-
tional machine translation. First, the target pictogram sequences are consistently shorter and more
constrained than their source sentences: in the training split, source sentences range from 1 to 20 words
and average 8.03 words, while the target sequences range from only 3 to 8 tokens and average 6.40
tokens. This compression is stable across splits, with average target lengths of 6.34 and 6.33 tokens on
validation and test, respectively. Second, the source and target operate over vocabularies of very differ-
ent sizes: the 46,156 unique source words in the training split are reduced to only 6,721 distinct target
terms, themselves mapping to 5,429 unique ARASAAC pictograms, and the same asymmetry holds on
validation and test. Together, these properties indicate that the task is one of semantic compression into
a fixed pictographic inventory rather than word-for-word translation. The Next-Pictogram Prediction
sub-task reuses the same underlying training data (approximately 68,000 sentences); its test file contains
1,986 instances, each obtained by withholding the final token from a pictogram sequence.

4. Evaluation Methodology

The evaluation of the Text-to-Picto sub-task is conducted using sacreBLEU [12], METEOR [13], and the
Picto-term Error Rate (PictoER) [14, 15], retained from the previous edition for comparability across
editions. For all three metrics, the evaluation compares the hypothesis (hyp) provided by the participant
with the target (tgt), i.e., the sequence of pictogram terms. All three are computed over the full pictogram-
term sequences, treating each space-separated pictogram term (including compound, underscore-joined
identifiers such as to_be_able) as a single token. We detail each metric and its computation below.
The Next-Pictogram Prediction sub-task is evaluated using top-𝑁 accuracy, reporting Top-1, Top-3,
Top-5, and Top-10 accuracy, complemented by a semantic similarity score that credits predictions that
are semantically close to the withheld pictogram even when they do not match exactly. Top-1 accuracy
is the primary ranking metric for this sub-task.



A known limitation of all three Text-to-Picto metrics is that they operate at the level of pictogram
terms and therefore penalise lexical substitutions even when these are communicatively equivalent.
Because several English words may legitimately map to the same ARASAAC pictogram (for example,
tired, exhausted, and weary all correspond to a single fatigue pictogram), a system can produce a valid
translation that is nonetheless scored as an error against the reference term. As the reference targets
are derived automatically rather than from independent human annotation, these metrics measure
agreement with the dataset’s pictogram conventions rather than communicative adequacy as judged by
AAC users. The semantic-similarity score introduced for Next-Pictogram Prediction partially mitigates
this for that sub-task, and richer adequacy-oriented evaluation is a direction for future editions.

SacreBLEU measures the number of common n-grams (the percentage of overlap) between the trans-
lation hypothesis (hyp) and the reference translation (tgt). In comparison with BLEU [16], sacreBLEU
takes into account different tokenizations of the same term. The score corresponds to:

BLEU = BP · exp

(︃
𝑁∑︁

𝑛=1

𝑤𝑛 · log 𝑝𝑛

)︃
(1)

with:

• 𝐵𝑃 (Brevity Penalty) is a length penalty that discourages translations that are too short,
• 𝑝𝑛 is the modified n-gram precision,
• 𝑤𝑛 is the weight associated with n-grams of length 𝑛,
• 𝑁 is the maximum size of n-grams.

The modified n-gram precision is the division of the sum of correct n-grams over their total number in
the corpus, with:

𝑝𝑛 =

∑︀
n-gram min(Count𝑦n-gram,Count𝑥n-gram)∑︀

n-gram Count𝑦n-gram
(2)

where:

• Count𝑦n-gram is the number of occurrences of a given n-gram in the translation hypothesis,
• Count𝑥n-gram is the number of occurrences of the same n-gram in the reference translation.

The length penalty 𝐵𝑃 , with the total number of words 𝑟 in the reference and 𝑐 the number of words
in the translation hypothesis, corresponds to:

BP =

{︃
1, if 𝑐 > 𝑟

exp
(︀
1− 𝑟

𝑐

)︀
, if 𝑐 ≤ 𝑟

(3)

The score therefore fluctuates between 0 and 1, the highest corresponding to an equivalent translation
between hypothesis and reference. In practice, we report sacreBLEU on the 0–100 scale using the
reference implementation provided by the Hugging Face evaluate library.

METEOR performs an alignment between the translation hypothesis and the reference translations,
going beyond simple word matching. It considers not only direct matches but also those based on
synonyms, surface form (words that share the same root), and radical form. The evaluation provides
more granularity in assessing the performance of an overall system, as it captures additional semantic
information that is not encoded within the sacreBLEU score.

METEOR combines the precision and recall of unigrams, as well as a measure to evaluate the word
order in the translation compared to the reference. Specifically, the metric combines precision 𝑃 and
recall 𝑅 of unigrams through a harmonic mean:

𝐹mean =
10× 𝑃 ×𝑅

𝑅+ 9𝑃
(4)



A penalty measure for a given alignment is added, with 𝑁𝑐ℎ𝑢𝑛𝑘𝑠, the number of contiguous aligned
word segments and 𝑁𝑢𝑛𝑖𝑔𝑟𝑎𝑚𝑠 the total number of aligned unigrams:

𝑃𝑒𝑛𝑎𝑙𝑡𝑦 = 0.5×
(︂

𝑁chunks
𝑁unigrams

)︂3

(5)

METEOR penalizes alignments where the word order differs or when the aligned words are very far
apart in the sentence. This score favors translations that approximate the word order of the reference
sentence. The final score is given by:

METEOR = 𝐹𝑚𝑒𝑎𝑛 × (1− 𝑃𝑒𝑛𝑎𝑙𝑡𝑦) (6)

The score is a measure between 0 and 1; the higher, the better.

PictoER is a metric derived from the Word Error Rate (WER). Rather than scoring at the level of
natural-language words, it is computed over the sequence of pictogram terms, so that each pictogram
term (including compound, underscore-joined ARASAAC identifiers) is treated as a single token. The
score is defined as follows:

PictoER =
𝑆 +𝐷 + 𝐼

𝑁
(7)

with 𝑆 the substitutions, 𝐼 the insertions, 𝐷 the deletions and 𝑁 the total number of reference tokens.
Concretely, PictoER is obtained by applying the standard WER implementation of the Hugging Face
evaluate library to the predicted and reference pictogram-term sequences. A lower PictoER indicates
better model performance.

Top-𝑁 accuracy is used to evaluate the Next-Pictogram Prediction sub-task. Each test instance
withholds the final pictogram term of a sequence, and systems return a ranked list of candidate terms.
For a given 𝑁 , an instance is counted as correct if the withheld ground-truth term appears among
the system’s top-𝑁 candidates, and Top-𝑁 accuracy is the fraction of evaluated instances for which
this holds. We report Top-1, Top-3, Top-5, and Top-10 accuracy, with Top-1 accuracy serving as the
primary ranking metric. Before comparison, both the ground-truth term and the candidate terms
are normalised by lowercasing and stripping surrounding whitespace, so that matching is case- and
whitespace-insensitive. Instances for which a system provides no prediction are excluded from its
denominator rather than counted as errors.

Semantic similarity complements top-𝑁 accuracy by giving partial credit to predictions that are
close in meaning to the withheld pictogram term, even when they do not match exactly. For each instance,
we embed the system’s top-1 candidate and the ground-truth term using the all-MiniLM-L6-v25

sentence-transformer model and compute the cosine similarity between the two embeddings. The
reported score is the mean cosine similarity over all evaluated instances. As with top-𝑁 accuracy, terms
are lowercased and stripped before embedding, and instances without a prediction are excluded. Higher
values indicate predictions that are, on average, more semantically aligned with the reference.

5. Participant Results and Discussion

The registration and submission of participants’ runs were handled by the challenge platform
AI4MediaBench6, developed by AIMultimediaLab7. Ten teams submitted runs to the Text-to-Picto
sub-task, and eight teams submitted runs to the Next-Pictogram Prediction sub-task. The results, re-
porting the best run per team, are presented in Table 3 for Text-to-Picto and Table 4 for Next-Pictogram
Prediction. All scores are reported as percentages on a 0–100 scale.
5https://huggingface.co/sentence-transformers/all-MiniLM-L6-v2
6https://ai4media-bench.aimultimedialab.ro/
7https://aimultimedialab.ro/
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Table 3
ToPicto 2026 Text-to-Picto results, best run per team, ordered by PictoER (lower is better). *Co-authors of the
same working note submission.

Rank Team sacreBLEU ↑ METEOR ↑ PictoER ↓

1 psp075 52.55 71.69 31.48
2 jlcuad 52.00 71.02 31.99
3 gokul_n_v 52.21 71.04 32.12
4 kaiyili* 51.34 70.40 32.55
5 fuchuanye* 51.34 70.40 32.55
6 sami_haq 51.33 70.36 32.75
7 hiwiy 50.38 69.67 33.33
8 melody 48.49 69.98 35.62
9 lekshmivitscope 28.76 63.92 38.84
10 varghesekjames 31.23 61.18 53.77
11 linxiaocan 22.73 48.59 57.79

Table 4
ToPicto 2026 Next-Pictogram Prediction results, best run per team, ordered by Top-1 accuracy (higher is better).
*Co-authors of the same working note submission.

Rank Team Top-1 ↑ Top-3 ↑ Top-5 ↑ Top-10 ↑ Sem. Sim. ↑

1 melody 8.91 14.65 18.08 22.21 34.38
2 fuchuanye* 7.85 12.84 14.80 19.34 32.36
3 hiwiy 7.80 12.39 14.15 16.97 33.37
4 kaiyili* 7.25 12.49 15.21 19.74 31.94
5 linxiaocan 6.50 12.64 16.11 21.80 32.50
6 tce_chidambaram 5.44 10.42 14.30 19.34 32.41
7 saisaranya 5.29 10.27 13.39 16.41 32.46
8 sami_haq 3.78 9.47 12.89 19.89 27.02

For Text-to-Picto, the top-ranking teams achieved remarkably close performances, separated by
only fractions of a point. The best run, submitted by team psp075, reached 52.55 sacreBLEU, 71.69
METEOR, and 31.48 PictoER, narrowly ahead of jlcuad and gokul_n_v. The considerably lower
scores in Next-Pictogram Prediction reflect the intrinsic difficulty of the task, owing in part to the
scarcity of training data relative to mainstream language modeling tasks. The best system, submitted
by team melody, reached 8.91% Top-1 accuracy.

Most participating systems framed Text-to-Picto as a sequence-to-sequence translation problem.
They fine-tuned pretrained encoder-decoder transformers such as BART and FLAN-T5 using subword
tokenization and beam search decoding. A recurring theme among the stronger submissions was careful
handling of the domain-specific compound pictogram tokens, which the default subword tokenizers
tend to fragment, as well as attention to data integrity through deduplication and the removal of
train–validation overlaps. The narrow spread at the top of the Text-to-Picto leaderboard suggests
that the task is approaching a performance ceiling under current modeling approaches. In contrast,
the low absolute scores in Next-Pictogram Prediction indicate substantial headroom and the need for
approaches better suited to data scarcity.

5.1. Working Notes Summary: Text-to-picto translation

Every submission to the Text-to-Picto subtask framed it as a supervised sequence-to-sequence translation
problem and fine-tuned a pre-trained encoder-decoder transformer, with the T5 family clearly dominant.
At the top of the official leaderboard (Table 3), Sudharshan PS [17] compared FLAN-T5-base against a
BART-base baseline, with FLAN-T5 the stronger of the two. Additionally, they include an extensive
exploratory data analysis and a comparison of SentencePiece and BPE tokenizers. HULAT-UC3M by



Guzman-Colomina et al. [18] fine-tuned T5-base after a systematic sweep over base model, task prefix,
seed, learning rate, and effective batch size, selecting the final checkpoint on validation generation
metrics rather than validation loss. Their prefixed T5-base with greedy decoding ranked second on
the official leaderboard. The closely competitive third-ranked system, from Gokul et al. [19], instead
used facebook/bart-base, chosen for its prefix-free design, and paired it with explicit dataset
decontamination, vocabulary augmentation for fragmented pictogram tokens, and a decoding sweep.
The only departure from the text-only paradigm came from Ul Haq and Castilho [20], who augmented
a T5-small baseline with a visual grounding objective that aligned the decoder with frozen CLIP image
embeddings.

A recurring theme was how to handle the closed ARASAAC vocabulary and the mismatch between
how compound identifiers8 should be treated (as atomic) and how subword tokenizers actually slice
them (as fragmented). The stronger teams addressed this through vocabulary augmentation: Gokul et al.
[19] added frequently fragmented tokens as atomic entries and resized the embeddings, while Adithiyaa
D. et al. [21] injected 2,041 compound pictogram tokens directly into the vocabulary. A second strand
enforced lexical validity at inference through constrained decoding, either as a hard prefix-tree (Trie)
mask over beam search (TokaTron, James et al. [22]) or a soft out-of-vocabulary penalty (Adithiyaa D.
et al. [21]). TokaTron found this fix to be strongly tokenizer-dependent and can collapse performance
when the identifier segmentation does not match the model’s tokenizer. Departing from the text-only
paradigm, Ul Haq and Castilho [20] introduced visual grounding, augmenting a T5 baseline with frozen
CLIP pictogram-image embeddings aligned through an auxiliary loss, and complemented it with a richer
multi-metric evaluation spanning n-gram-based, character-level, learned, and LLM-based measures
beyond the official suite. Overall, the subtask drew a methodologically coherent field. The strongest
systems cluster tightly around BLEU 52 and METEOR 0.71 despite differing in base model, decoding
strategy, and vocabulary handling.

5.2. Working Notes Summary: Next-picto prediction

The Next-Pictogram Prediction subtask, newly introduced this edition, attracted a smaller and more
methodologically varied field than Text-to-Picto. Two teams contributed deliberately simple statistical
baselines built on the small, closed pictogram vocabulary. Jishnu et al. [23] used a trigram backoff
n-gram model with Laplace smoothing, falling back to bigram and unigram statistics. They augment
the model with source-word boosting, promoting any candidate pictogram whose name matches a
word appearing in the source sentence. Li et al. [24] predicted the next pictogram by computing
unigram, bigram, trigram, and overall-frequency probabilities and mixing them in fixed proportions
into one score. Huang et al. [25] entered both subtasks and contributed the broadest architecture
comparison in the task. For next-pictogram prediction, they evaluated five neural paradigms: text-only
Transformer decoding, pictogram-ID modelling, a dual-modal token-ID fusion Transformer at several
depths, GPT-2-medium fine-tuning, and a SASRec-style sequential recommender. They find that fusing
lexical keyword tokens with discrete pictogram-ID histories outperformed using either alone, and that
deeper models performed consistently better. Their best system, a 24-layer dual-modal model, ranked
third officially.

Across these approaches, absolute scores remained low (best run: 8.91% Top-1), and the gap between
the simple statistical baselines and the strongest neural systems was narrow. This points to data scarcity,
rather than model capacity, as the main limiting factor, with room for improvement in future editions
through larger training sets or joint modelling of source text and pictogram history.

6. Conclusion and Perspectives

The third edition of the ImageCLEFtoPicto task continued the previous editions’ challenge of generating
pictogram sequences for Augmentative and Alternative Communication. The main change this year is

8Compound identifiers are ARASAAC’s underscore-joined pictogram labels, e.g., to_be_able and brushing_teeth.



a shift in source language from French to English, encouraging participants to adapt their systems to
the specificities of English. No aligned English text–pictogram resource or system targeting ARASAAC
previously existed. This edition therefore establishes, to our knowledge, the first community-level
benchmark for English Text-to-Picto translation, along with a reusable English text–pictogram dataset.
The edition included two sub-tasks: Text-to-Picto and the newly introduced Next-Pictogram Prediction;
the Speech-to-Picto sub-task offered in the previous edition was not part of this edition. The Text-to-
Picto sub-task drew ten teams whose best systems clustered tightly at the top of the leaderboard (best
run: 52.55 sacreBLEU, 71.69 METEOR, 31.48 PictoER), most of them fine-tuning pretrained encoder-
decoder transformers and paying particular attention to compound pictogram tokens and data integrity.
The newly introduced Next-Pictogram Prediction sub-task attracted eight teams and proved markedly
harder, with the best system reaching only 8.91% Top-1 accuracy, underlining the challenge posed by
the limited amount of training data. In the future, we plan to explore new directions, such as extending
the task to additional languages, reintroducing the speech modality, enlarging the training data for
next-pictogram prediction, and developing richer evaluation of the adequacy and usability of generated
pictogram sequences for AAC users.
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