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Abstract
We present a Constrained Decoding method with a finetuned Sequence to Sequence model for the ImageCLEF

2026 ToPicto Task. Additionally, training was done with memory optimisations for a 12GB VRAM environment.

We evaluate two encoder-decoder models: the standard T5-Base and the modern T5-Gemma-2-270m-270m, which

adapts a decoder-only model via tied embeddings and merged attention for improved memory efficiency and

robust semantic comprehension. During inference, a prefix tree (Trie) and beam search dynamically mask logits

to guarantee vocabulary compliance. Our experimental results demonstrate a critical divergence in efficacy

dependent on the underlying tokenizer. For T5-Base, constrained decoding improved all metrics, achieving a

SacreBLEU of 46.49 and reducing the Picto-Error Rate to 36.37. Conversely, applying the identical constraint to

T5-Gemma-2 triggered a severe performance collapse, dropping the SacreBLEU score to 33.76. This degradation

is fundamentally attributed to likelihood misalignment and structural incompatibilities between the deterministic

Trie paths and the complex pre-spacing rules of Gemma-2’s SentencePiece Byte-Level BPE tokenizer. The findings

indicate that while constrained decoding successfully enforces absolute dictionary compliance in standard models,

integrating it with modern LLM tokenizers requires highly specialized alignment strategies to prevent generation

failures.
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1. Introduction

Communication is a fundamental human right, but people with severe language or cognitive impair-

ments often face significant barriers to expression. Augmentative and Alternative Communication

(AAC) encompasses therapeutic approaches and tools ranging from manual signs to digital symbol

boards designed to replace or supplement spoken and written language. Pictograms serve as highly

effective visual communication tools, providing foundational linguistic access for individuals in early

developmental stages or those with cognitive disabilities.

The motivation behind our participation in the ImageCLEF 2026 ToPicto task [1, 2] is to bridge

the communication gap between AAC users and the broader society. By automating the translation

of natural English text into standardized pictogram sequences, we aim to facilitate more seamless

interactions. A critical challenge in this task is the rigid success parameter: the output vocabulary is

strictly limited to the ARASAAC database[3]. If a model generates a perfectly valid English synonym

that does not exist in the database, the translation fails entirely because the required image cannot be

retrieved. To solve this, we propose fine-tuned encoder-decoder models optimized with deterministic

constrained decoding at inference, ensuring the output perfectly complies with the approved dictionary

without destroying valuable pretrained weights during the fine-tuning process.
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2. Related Works

The automation of text-to-pictogram translation has transitioned from rule-based syntactic parsing

systems to sophisticated neural network approaches. Previous iterations of the ToPicto task, such as

ImageCLEF 2024, focused heavily on translating French text into pictograms. In those tasks, encoder-

decoder models demonstrated significant superiority over decoder-only architectures. For instance,

Elliah et al. [4] from the previous year found that a fine-tuned Helsinki-NLP model achieved a Picto-

term Error Rate (PictoER) of 18.51, greatly outperforming a GPT-2 model with a PictoER of 170.81.

GPT-2 struggled primarily because its training dataset was predominantly English, limiting its ability

to process French syntax. Anand et al. [5] implemented the Transformer model utilizing CamemBERT

embeddings fused with contrastive learning, whereas Koushik et al. [6] fine-tuned Google-T5, achieving

a significantly lower PictoER of 13.9.

Building upon the established efficacy of T5 architectures, recent efforts for the ImageCLEF 2025

ToPicto task have further optimized text-to-text frameworks. Hjuler and Fabre [7] fine-tuned the Google

T5-large model on the new French corpus, achieving state-of-the-art test scores of 93.0 for SacreBLEU,

95.7 for METEOR, and 3.4 for PictoER in the Text-to-Picto task.

Our approach advances these methodologies by shifting focus to the English requirements of the

2026 [1] task and integrating modern, smaller and efficient encoder-decoder models with deterministic

decoding constraints, ensuring the output strictly adheres to the structures required by visual AAC

interfaces.

3. Dataset

The dataset provided for the 2026 ToPicto [2] task consists of 59278 natural English source sentences

mapped to target sequences of semantic base-form text and their corresponding ARASAAC pictogram

integer identifiers [1]. The structural foundation of this task traces its roots to resources like the TCOF

corpus, which was prevalent in the French subsets of previous years [8]. Such corpora encompass

a wide range of daily conversational scenarios, including debates, everyday situations, and medical

consultations. This text is highly representative of real-world interactions between caregivers and

individuals utilizing AAC.

Several distinct features did stand out in the dataset. The pictogram grammar was similar to a

simplified English and this trend of losing detail in translation was common. An example was the word

half_body, widely present in the training data, which acted as a stand-in for specific names. Such

replacements do indicate the heavy contextual information that is required outside of the translation

alone for pictogram based communications.

Src: he counts among his students philip gyselaer and cornelis van engelen
Tgt: he count among his student half_body and half_body

Src: it’s the heart of the confederation burebasaga
Tgt: this be the heart of the parliamentary_group

Table 1
Sequence-to-sequence alignments highlighting morphological/syntactic changes (blue) and entity replacement
(purple).

In addition to this, we went through the full 13733 English tagged pictograms in the ARASAAC

dataset [3] and made a file with just the words separated by space. This was meant to be used as the

word bank from which the Trie was to be constructed. Some pictograms had phrases as description,

which was spaces which were replaced by underscores, similar to how it was done in the given dataset.

Because the ARASAAC database utilizes a highly structured and finite vocabulary, any generated

token outside this established set constitutes a fatal error in the context of AAC software. To contextu-

alize the sequence-to-sequence generation during training and inference, we uniformly prepended all



Figure 1: The format of the dataset.

source English text with the specific prompt directive: “translate English to Picto: ”.

4. Methodology

4.1. Model Selection and Architectural Differences

We evaluated two distinct encoder-decoder architectures optimized for sequence-to-sequence tasks:

the standard T5-Base (∼220M parameters) and the newer T5-Gemma-2-270m-270m (∼540M total

parameters) [9]. The encoder-decoder architecture remains superior [4, 6] for translation tasks requiring

simplification because the encoder processes the entire input sequence simultaneously, building a rich,

bidirectional understanding of the context before the decoder begins autoregressive generation.

Unlike standard T5 models, T5-Gemma-2 is built by taking a powerful pretrained decoder-only model

(Gemma 2 or 3) and adapting it into an encoder-decoder format via continued pretraining using a UL2

objective [9, 10]. To optimize efficiency and reduce memory bloat, T5-Gemma-2 utilizes tied embeddings

which shares all word embeddings across the encoder and decoder and merged attention, which unifies

the decoder’s self-attention and cross-attention into a single joint module. Furthermore, while standard

early T5 models were heavily English-dominant, T5-Gemma-2 inherits robust inherent multilingual

and multimodal capabilities from its base model, offering a richer baseline semantic comprehension.

Both models were trained in bfloat16 precision to balance computational efficiency with translation

performance, and input sequences were uniformly truncated to a maximum of 128 tokens.

4.2. Constrained Decoding

Standard Large Language Model tokenizers rely on subword algorithms to handle compound words

and multilingual requirements, naturally drawing from their entire training vocabulary [11]. However,

this task requires strict adherence to the finite ARASAAC vocabulary. Crucially, this constraint must

be applied during inference, not during fine-tuning [12]. Blocking out-of-vocabulary predictions

during fine-tuning distorts the probability distribution, preventing the cross-entropy loss function from

accurately measuring errors and breaking the gradient descent process [13].

To enforce compliance at inference, a prefix tree (Trie) was constructed from the valid pic-

togram identifiers within the ARASAAC vocabulary file. During the generation loop, a custom

prefix_allowed_tokens_fn intercepts the models’ raw logits and applies a large penalty (neg-

ative infinity) to any token that is not a valid child of the current Trie node. To combat “likelihood

misalignment” where the model gets stuck because all allowed dictionary terms have a low natu-

ral probability, we utilized a 4-beam search. This allows the model to explore multiple valid paths

simultaneously, eliminating out-of-vocabulary errors while preserving grammatical structure.



Algorithm 1 Retrieval of Valid Next Tokens under Vocabulary Constraints

1: procedure Trie-Get-Allowed-Tokens(𝑇,𝐺, eos)
2: ◁ 𝐺 is the sequence of already generated tokens ⟨𝑔1, 𝑔2, . . . , 𝑔𝑚⟩
3: if 𝐺.length == 0 then
4: return {𝑘 | 𝑘 ∈ 𝑇.root.children}
5: end if
6: 𝑢← 𝑇.root
7: for 𝑖← 1 to 𝐺.length do
8: 𝑡← 𝐺[𝑖]
9: if 𝑡 ∈ 𝑢.children then

10: 𝑢← 𝑢.children[𝑡]
11: ◁ If phrase ends, allow transitioning back to start of any vocabulary phrase

12: else if 𝑢.is_end == TRUE and 𝑡 ∈ 𝑇.root.children then
13: 𝑢← 𝑇.root.children[𝑡]
14: else
15: return {eos}
16: end if
17: end for
18: 𝐴← {𝑘 | 𝑘 ∈ 𝑢.children}
19: if 𝑢.is_end == TRUE then
20: 𝐴← 𝐴 ∪ {eos} ∪ {𝑘 | 𝑘 ∈ 𝑇.root.children}
21: end if
22: if 𝐴 == ∅ then
23: return {eos} ◁ Default fallback to prevent decoding deadlock

24: end if
25: return 𝐴
26: end procedure

4.3. Training Setup

The training was done on a consumer laptop with an Intel Core Ultra 9 275HX CPU and NVIDIA

GeForce RTX 5070 Ti Mobile GPU (12 GB VRAM). The specific model sizes chosen were in light of this

constraint. This implementation of Constrained Decoding was a single threaded process hence CPU

bound at inference, while training was GPU accelerated.

Models were fine-tuned on 59278 training samples validated on 4397 cases. To minimize memory

overhead while maintaining gradient stability, we utilized the Adafactor [14] optimizer in place of

standard AdamW. Adafactor factors its momentum matrices, yielding sub-linear memory scaling that

reduces the VRAM footprint significantly. Weight decay was set to 0.01.

Both models were fine-tuned over 7 complete epochs using a peak learning rate of 3×10−4
, regulated

by a cosine scheduler following a 100-step warmup period to prevent early gradient explosion. We

utilized a per-device batch size of 32 combined with three gradient accumulation steps, yielding an

effective batch size of 96. Model checkpoints were evaluated at the end of each epoch, utilizing the

SacreBLEU metric to determine the best model weights for final restoration.

5. Results

The evaluation was done using sacreBLEU, METEOR, and the Picto-term Error Rate (PictoER), all

normalised to a scale between 0 to 100. In sacreBLEU and METEOR higher is better, and in PictoER

lower is better.



Table 2
Model Evaluation Results for the validation split (n=4397 examples).

Model Mode SacreBLEU METEOR Picto-ER Exact Match

T5-Gemma-2-270m-270m unconstrained 45.63 64.73 38.74 13.35
T5-Gemma-2-270m-270m constrained 33.76 60.92 50.63 6.39
T5-base unconstrained 46.15 66.39 36.88 12.62
T5-base constrained 46.49 66.63 36.37 12.92

6. Discussion

For the standard T5-Base model, enforcing the vocabulary constraint during decoding produced expected

improvements across all translation metrics. Specifically, SacreBLEU increased by 0.34 points, METEOR

increased by 0.24, and the Picto Error Rate (Picto-ER) improved by 0.51. By strictly confining the output

space, the Trie successfully prevented the generation of out-of-vocabulary or hallucinated pictogram

terms without disrupting the model’s generation trajectory.

Conversely, enforcing the identical Trie constraint on T5-Gemma-2 drastically degraded performance.

SacreBLEU dropped by 11.87 points, Picto-ER worsened by 11.89, and the Exact Match rate was more

than halved (from 13.35 to 6.39). This performance collapse is fundamentally attributable to a discrepancy

in tokenization strategies. The Gemma-2 architecture employs a SentencePiece-based Byte-Level BPE

model characterized by unique pre-spacing rules (e.g., prepending spaces or specific subword tokens).

Standard phrase encoding prefixes such as self.tokenizer.encode(phrase) and

self.tokenizer.encode(" " + phrase) align well with the standard T5 tokenizer. However,

they create mismatched token paths when applied to the Gemma-2 tokenizer. Because the deterministic

constraint forces the model’s logits to conform to predefined Trie paths, any structural misalignment

between these paths and the Gemma-2 model’s natural subword predictions forces the network into

selecting incorrect token sequences or prematurely generating the End-of-Sequence (EOS) token,

severely penalizing overall translation quality.

7. Future Work

There is potential for an alternative implementation of Sequence-Trie based approach to constrained

vocabulary translation methods such as English to Pictogram, with the caveat that it has to be tokenizer-

specific. T5-Gemma-2 performs well on multilingual and reasoning benchmarks [9], but does not appear

to show that in its English focused post-training scores [15]. The T5 which was mainly pretrained on

English corpus performed better. A purely English focused encoder decoder model with the features of

T5-Gemma-2 with a better constrained decoder algorithm can produce a viable solution to this task.
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