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Abstract. Artworks’ textual descriptions often intertwine visual obser-
vations with external contextual knowledge. Automatically distinguish-
ing between these two types of information is challenging for language
models. We address the gap between unimodal language models, which
lack visual grounding, and multimodal models, which assume complete
text—image alignment. Our approach learns visually-informed text repre-
sentations by integrating visual knowledge into a BERT-based unimodal
language model, considering partial text-image alignment. We train a
text encoder to attend to visual features via cross-attention, then extract
the adapted encoder for text-only inference. This representation learn-
ing strategy enables the model to internalize visual grounding without
requiring images at deployment. Experiments on Artpedia and AQUA
datasets show consistent gains of our model (VBB) over a wide range of
unimodal and multimodal baselines.

Keywords: Multimodal learning - Art analysis - Text classification.

1 Introduction

Textual descriptions of artworks typically consider two kinds of information: wvi-
sual and contextual. Visual information refers to elements directly observable in
the image, while contextual information focuses on external knowledge about
the artwork (life of the painter for example). Separating these strands is non-
trivial due to the breadth and subtlety of art discourse, where implicit references,
symbolism, and style conventions are common [7]. In this paper, we formalise
Visual-Contextual Text Classification (VCTC), a binary classification task that
aims to determine whether a textual description associated with an artwork is
visually grounded or contextual. VCTC is relevant for a variety of downstream
applications in Al-for-Art, including visual question answering [13, 6, 33|, text-
image retrieval [34], and artwork description generation [4]. Despite this rele-
vance, VCTC has received limited attention as a standalone problem. In partic-
ular, its properties such as semantic ambiguity, partial visual groundability, and
the absence of token-level supervision, have not been systematically addressed.
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From a representation learning perspective, VCTC poses a specific challenge.
Unimodal language models (LMs), such as BERT [9], rely exclusively on textual
co-occurrences and therefore struggle to identify linguistic patterns whose inter-
pretation depends on visual evidence [3]. Multimodal models, such as CLIP [30],
learn joint image-text representations through global alignment objectives, but
they are primarily designed for fully grounded multimodal tasks. As a result,
they typically require images at inference time, and their text encoders are not
optimised for fine-grained, text-only classification [29, 28,37, 12].

We argue that VCTC benefits from fused representations learned during
training, while still requiring text-only inference. Rather than enforcing full
image-text alignment, the goal is to specialize textual representations so that
they become sensitive to visual groundability cues. To this end, we propose a
training framework in which a unimodal text encoder is temporarily coupled
with an image encoder via cross-attention. During training, this fusion mecha-
nism allows textual tokens to selectively attend to visual regions, encouraging
the text encoder to internalise which linguistic elements correspond to observ-
able visual evidence. At inference time, the image encoder and fusion module
are discarded, yielding an efficient text-only model whose representations retain
visual awareness. We evaluate our approach on the Artpedia [34] and AQUA [13]
datasets, which expose complementary aspects of the visual-contextual divide in
art descriptions. Across both datasets, we show that text encoders trained with
visually informed fusion consistently outperform strong unimodal baselines and
off-the-shelf multimodal encoders when applied to text-only VCTC.

Three contributions are presented in this work. First, we consider VCTC
as a primary task for analyzing art descriptions, clarifying task definitions and
challenges (ambiguity, symbolism, and partial groundability). Secondly, we in-
troduce a cross-attentional training strategy that learns visually informed text
representations through multimodal fusion, while preserving text-only inference.
Finally, we present the first comprehensive study of VCTC as a leading problem
on both Artpedia and AQUA. Our results demonstrate that explicit visual-
informed training yields robust gains over both unimodal LMs and off-the-shelf
multimodal encoders.

2 Related work

The classification of art descriptions into visual and contextual categories (VCTC)
sits at the intersection of several research domains. While the literature recog-
nizes that art descriptions naturally interleave visual observations with con-
textual knowledge [7,4], and some works leverage this distinction in broader
pipelines such as VCTC’s integration of context-aware VQA [13, 5] and enhanced
retrieval beyond purely visual captions [34] treating this separation as a primary
classification problem remains uncommon. Existing models typically optimize
either for fully grounded image-text matching or for generic text categorization,
leaving VCTC’s core challenges under-addressed.
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Text-only approaches Transformer-based language models [36], such as BERT [9]
have become standard for text classification through bidirectional self-attention
and strong transfer capabilities [11,14,1]. However, these models lack visual
grounding, limiting their ability to judge whether statements are visually veri-
fiable. Recent efforts attempt to inject visual priors into language models with-
out changing their inference modality: some transfer CLIP-derived signals into
BERT [3], others use distillation approaches with vision-language teachers like
OSCAR [22], and some directly pretrain with visually linked corpora [40,2].
Despite these advances, such approaches predominantly probe surface-level vi-
sual attributes (color, shape) and do not target the partial groundability and
semantic ambiguity characteristic of art descriptions.

Multimodal approaches Joint image-text models have proven effective at cap-
turing rich semantics through modality alignment or fusion [38]. Contrastive
methods like CLIP [30], ALBEF [21], and their text-only variants [29,41] opti-
mize global alignment in shared embedding spaces, making them well-suited for
retrieval but too coarse for sentence-level groundability decisions. Fusion-based
transformers such as UNITER [8], LXMERT ([35], VIiLT [17], and BLIP [19,
18, 39] use cross-attention or single-stream mechanisms, while instruction-tuned
VLMs like LLaVA [23] tackle diverse multimodal scenarios. Despite their success
on VQA and captioning, these models require images at inference time and are
trained with alignment objectives.

Text-only inference in art In classification settings where only text is available at
test time, incorporating images can be unnecessary or even counterproductive.
For instance, some studies on encyclopedic categorization report mixed gains
from adding images [26,27]. In art analysis, downstream tasks (e.g. VQA, re-
trieval, description) often entangle grounding with recognition, obscuring the
distinct challenge of separating visual from contextual information. These ob-
servations imply that the VCTC task requires text-only inference, while still
benefiting from visual priors. There remains a need for methods that transfer
visual knowledge into unimodal text representations during training, while pre-
serving text-only inference and explicit optimization for partial groundability
Such methods would complement purely textual baselines [9] and fully multi-
modal pretraining ones [30, 21, 8, 35].

3 Visual-contextual text classification task

We introduce the Visual-Contextual Text Classification (VCTC) task as a bi-
nary classification problem at the document level, with an optional token-level
analysis. Let I = {I; | i = 1,..., Nimg} be the set of artwork images and
D ={D; | j=1,...,Ndoc} the set of textual descriptions. Each document
D; is a sequence of tokens D; = (t;1,...,t;1,), where L; € N is the number of
tokens. Typically, L; refers to a fixed-length padding. Each document is associ-
ated to exactly one image with a mapping fimg : {1,..., Naoc} = {1,- ., Nimg}-
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Art Description (Wikipedia)

[contextual] The Portrait of Luca
Paciolo, [visual] a friar and
mathematician with a table filled with
geometrical tools: slate, chalk, compass.
dodecahedron modelis [contextual] a
painting attributed to the Italian
Renaissance artist Jacopo de Barbari,
dating to around 1500 and housed in the
Capodimonte Museum, Naples,
southern Italy.

Textual and visual questions
(AQUA)

[contextual]

Who was also called Luca Di Borgo after
his birthplace? Fra Luca Bartolomeo de
Pacioli

What is Pacioli demonstrating by Euclid?
Atheorem

[visual]
What is the table made of? Wood
What is the man holding? Court

Textual and visual documents
(Artpedia)

[contextual] The Portrait of Luca Pacioli
is a painting attributed to the Italian
Renaissance artist Jacopo de Barbari,
dating to around 1500 and housed in the
Capodimonte Museum.

[visual] The painting portrays the friar
and mathematician with a table filled
with geometrical tools: slate, chalk,
compass and a dodecahedron model

Fig. 1. Distinction between visual and contextual information in descriptions, question
answering, and document classification.

As images may be paired with multiple documents of different labels, supervision
is applied exclusively at the document level. Label space is ) = {0, 1}, where a
document (optionally a token) is visual (1) if its content is verifiable from the
paired image Iy, (;) alone, and contextual (0) otherwise. In particular, a con-
textual label may refer to external or art-historical knowledge beyond Iy, (-
Figure 1 illustrates this situation.

Document vs. token labels. In order to understand the classification process in
depth, it can be useful to represent text mentions as a set of individual tokens. As
such, it is possible to evaluate the contribution of each token individually to the
document classification task. As a consequence, we may define token labels z; , €
{0,1} indicating whether token ¢, expresses visual content (1) or contextual
content (0). In practice, datasets typically provide y; only at document-level
and token labels z; j, are unobserved. So, when we analyze token-level behavior,
we use weak supervision by propagating the document label y; to all tokens
contained in D; such that z;, = y;.

Training and inference. The VCTC training objective is to estimate a text clas-
sifier that predicts p(y; =1 | D;) and, optionally, token posteriors p(z; =1 | D;)
for in-depth understanding. Crucially, inference is text-only, i.e. at test time, pre-
dictions must depend on D; without requiring access to Iy, ;). During train-
ing, paired images may be used to guide representation learning for encourag-
ing sensitivity to image-groundable cues. So, the problem definition itself does
not assume images at test time. This formulation isolates the VCTC classifica-
tion objective to decide whether a textual unit is image-groundable. Thus, we
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Fig. 2. Overview of VBB, (left) for token and document classification of the VCTC
task. A text encoder (BERT) and an image encoder (ViT) extract representations
from the input document and its corresponding image. A cross-attention module then
allows each text token to query relevant visual regions by using textual embeddings
as queries and image patches as keys and values. The fused representations are then
passed through a classification head. On the right, a presentation of VBB, with the
text encoder extracted from VBB, and the addition of a classification layer to predict
token classes.

keep document-level evaluation and fine-grained token-level inspection within
the same framework.

4 The VBB architecture

Our ViT-Boosted BERT model (VBB) for VCTC is illustrated in Figure 2
In particular, it combines multimodal classification for training, and visually
grounded text-only representation at inference.

4.1 Encoders

For documents, we use a pretrained LM such as BERT [9] and cap sequences to
Linax tokens. With D; € REma=Xdt denote the hidden state, with dr being the
BERT dimension, after the last Transformer layer. We compute D; by processing
all the tokens in (Dj) with the pretrained LM. For images, we use a pretrained
transformer-based model ViT [30]. After patchification, we obtain Ppuc, patch
embeddings and Z; € RFraterXdi j5 the hidden state with di being the ViT
dimension, with 2D positional encodings to preserve spatial layout. We compute
7; by passing the image Iy, ;) to ViT.

4.2 Cross-attention fusion

We project both modalities to a common model dimension d. Thus, we note
DJ = D,WP with WP € Rérxd and I = Z,W! with W € R%><, Multi-head
cross-attention (MHA) uses token queries and image keys/values:

Q=D;Wo,K =I;Wg,V =I,Wy. (1)
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The fused token states are defined as ﬁj, where LN is a residual layer norm:
D; = LN(D; + MHA(Q, K,V)). (2)

The fused representations are then passed through a number of H self-attention
layers to integrate visual context across the sequence, each layer being optionally
followed by a feed-forward block and a residual layer norm.

4.3 Token-level representation

Each fused token Jj,k is transferred to a one-layer multilayer perceptron (MLP)
with a ReLU activation function to produce a logit ¢; 1, where W; is the weight
matrix of the first layer, wo the weight vectors of the output layer, b; the bias
vector of the first layer and by the bias vector of the output layer:

ik =wy ReLUWid,x + by) + bo. (3)

Note that at inference, we can deduce the probability that token t; j, is visual or
contextual by calculating p; = 0(¢; 1), where o(-) is the sigmoid function.

4.4 Document-level classification

To obtain the document-level classification, for one document Dj, the logits of
each token /; ;. are aggregated to create a single document logit /;:

L exp(€;r)
6=t I (4)
k=1 > m=1 €xXp(lj,m)
The softmax aggregation assigns higher weights to tokens with stronger confi-
dence, emphasizing highly informative visual tokens while down-weighting con-
textual ones, in accordance with the definition of visual documents. We use this
approach to ensure that the most relevant and informative tokens contribute
the most to the final document classification. We deduce the probability that
document D; is visual or contextual with p; = o(¢;).

4.5 Training objective and class imbalance

Since our batch sizes are small (32), the class distribution is batch-dependent. To
address this desequilibre, we implement a weighted version of the binary cross-
entropy loss [10] which depends on the positive and negative example proposition
present in the batches. At each training iteration, we compute the number of
positive examples E, (visual) and negative examples F, (contextual) in the
current batch with E example. We define a class weight § = % to emphasize
the contribution of rare positive cases. The resulting loss function is:

E
L=-p Z[yj log(p;) + (1 — y;) log(1 — p;)] (5)
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where E is the number of documents in the batch and y; € {0,1} is the cor-
responding binary label. The dynamic weight [ is recalculated for every batch.

4.6 Training and inference

Training (multimodal). Unless stated otherwise, we initialize images with the
ViT encoder and texts with the BERT encoder, project the multimodal rep-
resentation to a shared space d, and train the classification model end-to-end.
Cross-attention couples gradients so the text encoder learns which linguistic cues
are image-groundable.

Inference (text-only). At test time, we discard the image encoder and the cross-
attention module, and run the adapted text encoder on D; alone to produce p; j
(and p; if the document head is used). This preserves deployment simplicity,
while retaining benefits from multimodal co-training.

5 Experimental setup and VCTC results
5.1 Datasets

We evaluate our approach on two datasets that distinguish between visual and
contextual textual information: Artpedia [34]' and AQUA [13]?.

Artpedia. The Artpedia dataset consists of 2,930 paintings, each with textual
descriptions manually annotated as either visual (describing perceivable elements
in the image) or contextual (requiring external knowledge). In total, the dataset
comprises 9,173 visual and 19,039 contextual documents.

AQUA. The AQUA dataset includes 21,384 artworks where images paired with
question-answer pairs, annotated to indicate whether the answer requires visual
information from the image or external knowledge. The same image may appear
multiple times with different questions. The full dataset contains 32,345 visual
and 47,503 contextual questions.

5.2 Learning setup

Evaluation metrics. For the VCTC task, we perform evaluation at two levels:
document and token level. We use four metrics: micro accuracy (Accmicro), Macro
accuracy (AcCmacro), F1 score, and Area Under ROC Curve (AUC).

Models and baselines. We evaluate the performance of our VBB model under uni-
modal mode (VBB,), where only the text encoder is taken into account for infer-
ence, against several strong text-only baselines, including BERT and its variants
like RoBERTa [24, 31], DeBERTa [16, 15] and DistilBERT [31]. We also include
unimodal models extracted from multimodal architectures, e.g. the BERT text
encoder from CLIP [30], and the BERT text encoder from BLIP [20]. For mul-
timodal comparison, we use our VBB model under multimodal mode (VBB,,),

! http://aimagelab.ing.unimore.it /artpedia
2 https://github.com/noagarcia/Art VQA /tree /master/AQUA.
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where both text and image encoders are taken into account for inference, and
benchmark it against models such as VIKING [13], CLIPText [29], LABCLIP
[41], BLIP [20], BLIP-2 [18], BLIP-3 [39], LLaVA [23] and ViLT [17]. For all mod-
els, we use recommended settings from the corresponding authors and use their
codes (when available). Regarding LLaVA, we explore two adaptation strate-
gies. We added a classification head is appended to the frozen backbone and
we used prompting. For the latter, we report the results from the most effective
prompt configuration, following [32]. To ensure fairness, we report the mean and
standard deviation over five independent runs for all tested configurations.

VBB training details. VBB, and VBB, are trained using AdamW [25], and
early stopping on validation loss. Presented values are set with patience = 5 and
mean=std is calculated over five different seeds. VBB,, initializes BERT and
ViT from public checkpoints, while cross-attention and classifiers are randomly
initialized. On the first stage (frozen encoders during 4 epochs), we only train
fusion and heads’ weights (Ir = 1 x 107%, wd = 1 x 10~%). On the second stage
(end-to-end starting after 4 epochs), all modules are unfrozen (Ir = 1 x 1079).
Finally, VBB, reuses the text encoder from VBB, and adds a 1-layer MLP
classifier. We warm up the head (Ir = 1 x 107¢, wd = 1 x 1075), then fine-tune
the encoder (Ir = 5 x 1075, wd = 1 x 1075). All text sequences are capped at
Lnax = 77 tokens.

Hyperparameters and implementation. Hyperparameters are selected based on
the validation set with a small log-scale grid and fixed seeds. The best validation
configuration is used for test-time reporting. Exact grids, seeds, and per-dataset
selections appear in the supplementary materials. All models are implemented
in PyTorch and trained on a single NVIDIA A100 (80GB).

5.3 Document-level classification results

Text-only models. The top part of tables 1 and 2 illustrates overall results for
pure text representations models, where only text is given as input at train-
ing and inference. On Artpedia, BERT achieves the strongest results among
pure unimodal models (79.50% micro accuracy, 83.39% macro accuracy, 75.37%
F1), outperforming DeBERTa models. DistilIBERT obtains the highest AUC
(92.77%), indicating better differentiation of classes despite lower accuracy. On
AQUA, DeBERTa shows the best results across all metrics.

Multimodal models. The middle part of tables 1 and 2 illustrates overall re-
sults for the multimodal models that jointly process images and text during
both training and inference for the VCTC classification task. On Artpedia,
Prompt-CLIPText (Ensemble) excels at class balance (84.49% macro accuracy,
92.34% AUC ROC), while standard CLIPText achieves strong macro accuracy
(84.20%). However, our VBB,, CLIP BERT attains the highest micro accuracy
(84.98%), while VBB,, BERT achieves best macro accuracy (84.93%) and F1
score (78.18%). This indicating that global contrastive pretraining still yields
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Artpedia
Accmicro Accmacro AUC F'1 score
g DeBERTa V3 [15] 69.28+0.14 74.54+0.12 89.93+0.26 66.24+0.11
‘2 DistilBERT |[31] 75.2340.34 80.51+0.30 92.77+0.26 71.9640.31
= BERT [9] 79.50+0.37 83.39+0.21 90.89+0.14 75.37 + 0.28
CLIPText [29] 82.914+0.06 84.20+0.13 91.18+0.27 77.7340.08
CLIPText (Ensemble) [29] 80.59+0.08 82.65+0.04 92.1440.04 74.98+0.58
Prompt-CLIPText [29] 83.28+0.13 83.81+0.07 90.05+0.67 77.19+0.09
_ Prompt-CLIPText (Ensemble) [29] 83.88+0.06 84.49+0.00 92.34+0.31 78.00+0.03
& LABCLIP [41] 79.97+0.62 83.00+£0.39 92.02+0.42  75.7240.44
9 BLIP [20] 74.72+0.10 78.82+0.14 88.74+0.57 70.39+0.12
.g LLaVA [23] 79.19+0.12 79.67+0.05 87.54+0.11  71.77+0.07
= Prompt LLaVA [23] 75.514+0.47 68.10+0.91 - 55.14+1.76
= VILT [17] 78.06+0.15 80.90+0.11 90.62+0.10 72.75+0.11
VBB,, DeBERTa V3 78.96+0.21 77.724+0.41 85.88+1.25 69.97+0.62
VBB,, DistilBERT 80.504+0.27 82.69+ 0.15 90.79+ 0.43  75.2340.22
VBB,, BERT 83.61+0.10 84.93+0.46 91.31+o0.25 78.18+0.71
VBB,, CLIP BERT 84.98+0.25 83.66+0.32 91.02+0.31 77.83+0.36
CLIP BERT [30] 71.81%t0.24 77.3740.23 88.1640.39 68.75%£0.17
g BLIP BERT |[20] 73.024+0.18 76.82+0.12 88.48+0.21 68.37+0.13
= VBB, DeBERTa V3 76.59+0.21 78.63+0.16 86.954+0.37 70.5140.18
E VBB, DistilBERT 84.10+0.14 84.414+0.67 91.65+0.54 T78.05+0.12
A VBB, BERT 83.25+0.17 84.16+0.56 91.49+0.65 77.46+0.48
VBB, CLIP BERT 81.94+0.41 84.46+0.45 91.24+0.32 77.09+0.51

Table 1. Results for multimodal, unimodal (unim) and distilled unimodal models in
VCTC on the Artpedia datasets, measured using micro accuracy (AcCmicro), Macro
accuracy (AcCmacro), Area Under the ROC Curve (AUC) and the F1 score. For all
models, performance is reported as the mean + standard deviation over five indepen-
dent runs. The best result for each metric is highlighted in bold and the second best
result is underlined.

a small edge on class balance and calibration. On AQUA, the VCTC task ap-
pears less challenging, with multiple models achieving near-ceiling performance.
VBB, CLIP BERT reaches 99.88% micro accuracy and 99.77% F1, matching
the specialized VIKING baseline while maintaining architectural flexibility.

Distilled models. The last part of tables 1 and 2 shows results for distilled models,
where image and text were used at training and only text at inference. On Art-
pedia, all VBB, variants outperform other distilled models. VBB, DistilBERT
achieves 84.10% micro accuracy versus 73.02% for BLIP BERT and 71.81% for
CLIP BERT. This gap indicates that our two-stage process (co-training with
cross-attention, then extraction and fine-tuning) transfers visual knowledge more
effectively than contrastive or generative pretraining approaches. On Aqua, we
see the same behavior as multimodals models with VBB, outperforming all oth-
ers models and also solved the AQUA dataset with 99% on all metrics except
for DeBERTa V3.

Cross-category comparison. Closely matching between VBB, and VBB, vari-
ants demonstrate that visual knowledge can be internalized into text encoders
through multimodal co-training, then retained during text-only inference. On
Artpedia, VBB, DistilBERT not only surpasses all text-only models but also ex-
ceeds several multimodal baselines, including BLIP (74.72%), LLaVA (79.19%),
and ViILT (78.06%). On class-sensitive metrics (macro accuracy, AUC), distilled
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Aqua
Accmicro Accmacro AUC F1 score
DeBERTa [16] 97.01+0.16 90.54+0.21 98.65+0.50 86.87+0.46
é DeBERTa V3 [15] 94.89+0.14 87.68+0.11 97.02+0.25 86.41+0.17
- DistilBERT [31] 95.35+0.27 90.48+0.29 98.32+0.22 86.39+0.17
BERT [9] 84.90+0.09 89.76+0.08 92.144+0.07 77.37 + 0.11
VIKING classifier [13] 99.52 +0.01 99.22+0.19 99.93+0.05 99.28+0.17
_. CLIPText [29] 96.3340.03 82.81+0.11 99.16+0.43 80.27+0.18
5 CLIPText (Ensemble) [29] 95.7640.09 82.89+0.42 99.51+0.05 79.25+0.66
S Prompt-CLIPText [29] 94.47+0.03 74.61+0.18 96.51+0.41  66.0+0.31
.g Prompt-CLIPText (Ensemble) [29] 94.84+0.04 75.48+0.20 96.40+0.09 67.46+0.36
= LABCLIP [41] 96.54+0.01 83.78+0.04 96.49+0.13 80.42+0.06
= BLIP [20] 90.23+0.13 88.84+0.26 94.86+0.39 84.47+0.23
ViLT [17] 95.50+0.24 90.27+0.50 98.32+0.88 87.33+0.64
VBB,, DeBERTa V3 98.88+0.06 88.07+0.09 98.29+0.06 91.86+0.17
VBB,, DistilBERT 95.62+0.02 91.54+0.03 98.54+0.04 90.75+0.04
VBB,, BERT 96.60+0.02 93.44+0.05 93.42+0.05 92.75+0.06
VBB,, CLIP BERT 99.88+0.06 99.85+0.07 99.52+0.05 99.77 +o0.12
- CLIP BERT [30] 93.89+0.19 87.6240.24 97.09+0.21 84.35+0.25
g BLIP BERT [20] 93.74+0.23 88.39+0.25 97.63+0.36 83.99+0.27
VBB, DeBERTa V3 98.16+0.03 88.11+0.07 98.284+0.04 91.31+0.11
VBB, DistilBERT 99.76+0.02 99.63+0.03 99.5440.03 99.6440.03
VBB, BERT 99.71+0.02 99.77+0.01 99.83+0.06 99.44+0.05
VBB, CLIP BERT 99.7340.01  99.72+0.01 99.51+0.00 99.47 & 0.02

Table 2. Results for multimodal, unimodal and distilled (Dist) unimodal (Unim) mod-
els in VCTC on the Aqua datasets, measured using micro accuracy (AcCmicro), macro
accuracy (AcCmacro), Area Under the ROC Curve (AUC) and the F1 score. For all
models, performance is reported as the mean + standard deviation over five indepen-
dent runs. The best result for each metric is highlighted in bold and the second best
result is underlined.

representations often match or exceed their multimodal counterparts, VBB,
CLIP BERT achieves 84.46% macro accuracy and 91.24% AUC, outperform-
ing VBB,,, CLIP BERT at 83.66% and 91.02% respectively. This suggests that
our distillation process improving generalization on minority classes. On Aqua,
VBB, results are closed to VBB,,, and VIKING, exceding 99% in all metrics. Ar-
chitecture generalization is confirmed across backbones. Whether starting from
BERT or DeBERTa, the VBB process yields improvements on Artpedia and on
AQUA over text-only baselines. The persistent performance difference between
datasets (Artpedia: 75-85% range, AQUA: 95-99% range) indicates that longer,
more ambiguous art descriptions require richer representations than short, fo-
cused questions. In this context, the VBB process stands out both for its robust-
ness on Artpedia, where it consistently ranks among the top performers, and
for its scores on AQUA, where it achieves 99% results for all metrics, matching
VIKING without requiring image processing at inference.

Qualitative analysis. For the 803 images common to Aqua and Artpedia, 7
contain documents incorrectly classified by the BERT model (see example in
the table 3). VBB CLIP BERT was able to correctly label all these documents.
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Common images Artpedia AQUA

"This scene is very similar "what is an area
to other paintings Ruisdael  which was a rich
made of waterfalls.” vein of inspiration

for ruisdael?”
Class = contextual
Predicted Class = visual

"A third version exists where
the boy is grasping a whistle" "
or flute.”

Class = contextual

Predicted Class = visual

what is laughterl?"

Table 3. Examples of documents derived from common images in the AQUA and
Artpedia datasets that were misclassified by BERT.

Artpedia
AcCmicro  AcCCmacro AUC F1 score
BERT [9] 79.46+0.30 83.32+0.15 90.57+0.08 75.32 + 0.21

VBB,, CLIP BERT 82.36+0.29 79.46+0.86 87.72+0.78 72.64 + 1.00
VBB, CLIP BERT 81.84+0.34 84.33+0.40 90.96+0.37 76.95 + 0.44

Table 4. Results for visual-contextual token classification on Artpedia dataset.

5.4 Token-level classification results

At token level, we aim to assess whether the model is capable of classifying
each token of the text mention according to the document class. Within that
context, Table 4 and Table 5 shows that VBB, CLIP BERT achieves the best
token-level performance across both datasets (macro accuracy, AUC, F1), in-
dicating that the adapted text encoder concentrates the probability mass on
image-groundable tokens even without access to images at inference. Note that
on Artpedia, BERT remains a strong second model, while VBB,, CLIP BERT
leads in micro accuracy (reflecting greater confidence on majority tokens) but
trails on calibration-sensitive metrics consistent with the partial-groundability
nature of VCTC.

To gain a deeper understanding of the models’ behavior, we performed a
granular analysis of token-level classification errors. Tables 24 present the most
frequently misclassified words from both contextual and visual documents, on
the Artpedia and AQUA datasets, for BERT and VBB, CLIP BERT. BERT
misclassified a total of 4,829 unique tokens, with 4,169 tokens from contextual
documents versus 660 from visual. This reflects the same class imbalance ob-
served at the document level. We found that the most frequent errors for visual
documents often involved names and concepts such as “magnificat” and “lamen-
tation”, which require external knowledge. Conversely, errors from contextual
documents included tokens like “head”, “flesh”, and “brushstrokes”, all of which
carry strong perceptual connotations. VBB, CLIP BERT exhibits a behavior
broadly similar, misclassifying 4,582 tokens (3,795 contextual and 787 visual),
though the nature of its errors differs subtly. A closer inspection reveals that
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AQUA
AcCmicro  ACCmacro AUC F1 score
BERT [9] 84.08+0.50 89.18+0.35 91.74+0.32 76.41 + 0.58

VBB,, CLIP BERT 97.90+0.33 96.00+0.67 95.98+0.59 95.77 + 0.69
VBB, CLIP BERT 99.72+0.01 99.72+0.00 99.13+0.00 99.47 + 0.02

Table 5. Results for visual-contextual token classification on AQUA dataset.

VBB, CLIP BERT BERT
Ground truth label
contextual visual contextual  visual
foreground kalevipoeg mercury christmas
portrays lamentation batarnay beach
goddess botticelli bathsheba tree
heterosexual 170x65 simplicity couch
toibin paston zacharias who
pearl lennuk saskia sit
peasant mcneill devoid next
persica ghirlandaio controted to
concvlacaberis metamorphoses solomon a
your pareja sienese on

Table 6. Top misclassified words for contextual and visual labels. Word in the columns
were classified by the model as the opposite of the ground truth label. In bold words
with high-confidence misclassification judged by human.

compared to BERT, it displays a more balanced prediction across tokens, sug-
gesting a better handling of class ambiguity.

6 Conclusion and future work

In this work, we proposed a novel task, Visual-Contextual Text Classification
(VCTCQ), to evaluate whether a text-based model can acquire a deeper visual
understanding through multimodal pretraining. We found that our co-trained
unimodal model, VBB,, proved to be highly effective at this task. It outper-
formed text-only baselines and also consistently and effectively distinguished
between visual and contextual tokens, even without access to the image dur-
ing inference. Collectively, these findings underscore the potential of co-training
strategies to enhance the visual knowledge of unimodal models. Our research pro-
vides a viable and effective direction for improving text-only models by leveraging
multimodal pretraining, thereby eliminating the need for multimodal reasoning
during the inference stage. While this work focuses on the art domain, a promis-
ing future direction is to evaluate the generalizability of our approach to other
domains where text is implicitly grounded in visual information, such as product
reviews, medical or real estate descriptions. This would test the robustness of
visual knowledge conveyance in different contexts.
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Supplementary Materials

A Experiments details

A.1 Datasets

Dataset Documents, Documents. Tokens, Tokens.
Artpedia [34] 1,022 2,069 10,300 20,943
AQUA [13] 1,269 3,643 8,314 45,189

Table 7. Number of documents and tokens per label, visual (v) or contextual (¢), in
the test splits of Artpedia and AQUA.

Artpedia. The Artpedia dataset consists of 2,930 paintings, each with textual
descriptions manually annotated as either visual (describing perceivable elements
in the image) or contextual (requiring external knowledge). In total, the dataset
comprises 9,173 visual and 19,039 contextual documents.

AQUA. The AQUA dataset includes 21,384 artworks where images paired with
question-answer pairs, annotated to indicate whether the answer requires visual
information from the image or external knowledge. The same image may appear
multiple times with different questions. The full dataset contains 32,345 visual
and 47,503 contextual questions.

A.2 Extended Training/Implementation Details

Global. Table 8 consolidates the default optimization, batching, sequence, and
aggregation choices shared across all experiments. These settings ensure fair com-
parisons (common optimizer, class-weighting, and pooling) and reproducibility,
unless a model /dataset explicitly overrides them in later tables.

Hyperparameters. For Table 9, we list the small, log-scale grid used for validation
selection (LR, WD, batch size, warmup, aggregator -y, loss weights), along with
slots to record the chosen configuration per model/dataset. It provides how we
pick hyperparameters (best validation loss, ...) before reporting test means over
five seeds.

Scheduling. In Table 10 we specify, per model, which blocks are trainable at
each stage and the corresponding LR /WD /epoch limits. VBB, uses a stabilizing
two-stage regimen (frozen encoders — end-to-end), BERT follows standard end-
to-end fine-tuning, and VBB, performs a brief head warmup before encoder
fine-tuning to cleanly transfer multimodal priors into a text-only classifier.
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Default Notes
Optimizer AdamW £1=0.9, [£2=0.999,
LR schedule Warmup 10% No decay unless stated
Early stopping  Patience 5 Restore best val. loss
Grad clipping 1.0 (global ¢2) Applied every step
Sequence length  Lmax = 77 (BERT) masks for padding
Batch size 16, 32 or 64 See search grid
Token head 1-layer MLP Hidden size = encoder
Doc aggregator  Soft-majority T = %7 ~v = 10 (default)
Hardware 1xA100 80GB CUDA 12.x, PyTorch 2.x
Seeds {15, 42, 256, 484} Mean+tstd over 5 runs

Table 8. Default values unless noted.

Hyperparameter Grid

Learning rate {1e=%, 5e=%, 1e75, 5¢=5, 176, 576, 1= 7}
Weight decay {1e=%, 175, 1e=6, 1= 7y

Batch size {16, 32, 64}

Warmup ratio {0.1, 0.2} (abl.)

Aggregator {5, 10, 20} (abl.)

Loss weights (Atok, Adoc) {(1,1),(1,0),(0,1)}

Table 9. Validation search grid and selection. Best by val. loss (tie: macro-F1).

VBB, training phase. First stage of training VBB, consists to freeze encoders
which initialize BERT and ViT from public checkpoints, freeze both backbones,
and train the cross-attention fusion and token/document heads using weighted
BCE with dynamic per-batch class weights. Token probabilities are p; , = (¢, 1)
from an 1-layer MLP, and the document score uses soft-majority pooling (Equa-
tion 5 from Section 4.3). In the second step, we unfreeze all weights and continue
optimizing the total loss £ with early stopping. After co-training, we discard the
image path and keep the adapted text encoder as V BB,. Thus, a small classifier
is attached, we warm up the head, then fine-tune the encoder under the same
objectives but with text-only inputs. At inference, V BB, outputs token-level
pjr and a document decision p; = o(¢;) via the same aggregator.
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Model Trainable blocks LR / WD / Max epochs

Fusion+Heads (BERT/ViT frozen) 1x107° /1x107° /2

VBBm . . _ _
All (BERT+ViT+Fusion+Heads) 1x107°% / 1x107% / 10
BERT  All BERT layers + Head 5x107° / 1x107°% / 10
Classifier only 5x107° /5x107° / 4
VBB, -5 -5
Encoder + Head 1x107° /1x107> /10

Table 10. Stage-wise LRs/WDs and freeze policies.

Fig. 3. Overview of the full ViT-Boosted BERT (VBB,,) multimodal architecture.
The figure also presents, in blue, the unimodal VBB, architecture, which uses the text
encoder from VBBy,.

Algorithm 1 VBB,, training (two-stage)

1: Initialize BERT, ViT (pretrained); fusion & heads (random)
2: for stage € {frozen, end-to-end} do

3 Freeze/unfreeze encoders accordingly; set Ir, wd

4 for epoch = 1,..., Enax do

5: for minibatch do
6.
7
8
9

Compute p; i via text/img cross-attention
Aggregate to p; (soft-majority)

Compute £
: Backprop, clip grad < 1.0, optimizer step
10: end for
11: Evaluate on validation and early stop if no improvement
12: end for

13: end for
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“This panel is the left inside
bottom wing of a hinged
Image encoder triptych.”

fat ma irrounded by
people, wh hir

uid fr the barrel

ead, a vessel with

“Allegory of Intemperance is a
Hieronymus ~ Bosch painting
made sometime between 1490
and 1500."

he swirr

ner's clothes lie
shore at bottom

"It is currently in the Yale

University Art Gallery in New

Haven, Connecticut.”

Text encoder

—> Multimodal training
Unimodal inference

Fig. 4. A Language Model enriched with visual knowledge for VCTC in art description.
The same text encoder is used for both multimodal training and unimodal inference.
Green represents visual information and blue represents contextual information.

B ViT-Boosted BERT Architecture

The complete multimodal architecture of VBB, model is shown in Figure 3. This
model uses a Vision Encoder (ViT) and a Text Encoder (BERT) to process the
input modalities. The visual and textual representations are then fused using
a cross-attention mechanism, and the resulting representation is passed to a
classification head. The unimodal VBB, model, which is highlighted in blue in
the figure, is built on the text encoder from VBB,,, followed by a classification
head.

Table 11 and table 12 expands on the results presented in the main paper by
including additional model variants and recent architectures. For the multimodal
comparison, we have added BLIP-2 and BLIP-3 (xGen-MM). In the unimodal
section, we included various sizes of BERT base models (small, base, and large)
like ROBERTa, providing a more comprehensive baseline comparison. This addi-
tional analysis reaffirms the effectiveness of our proposed method and highlights
its competitive performance against a broader range of state-of-the-art models.

Table 14 present different result for LLaVA, following [32], under zero-shot
and few-shot prompting. For zero-shot, we test three concise JSON-constrained
prompts: PZ1, PZ2 and PZ3 (Table 13). We then select the best zero-shot prompt
(PZ2) and progressively enrich it for few-shot. PD adds a brief visual/contextual
description while PF1 augments PD with one simple example per class. Finally,
PF2 further adds one hard example per class.

C Additional details on ablation study

C.1 Pre-training strategy

Table 15, unimodal models derived from efficient multimodal architectures (VBB
CLIP BERT dynamic) outperform both CLIP BERT and BLIP BERT, high-
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Artpedia
AcCmicro ACCmacro AUC F1 score
DeBERTa base [16] 75.21 80.563  92.73 71.97
DeBERTa large [16] 77.22 81.08 86.68 72.86
_. DeBERTa V3 small [15] 65.32 71.84 83.74 63.46
.‘g DeBERTa V3 base [15] 69.28 74.54 89.93 66.24
S DeBERTa V3 large [15] 68.42 74.52 88.51 66.16
§ DistilBERT [31] 75.23 80.51 92.77 71.96
5 DistilRoBERTa [31] 77.32  81.96 92.08 73.62
RoBERTa base [24] 75.84 80.91 92.34 7241
RoBERTa large [24] 76.45 81.28 92.37 73.09
BERT [9] 79.50 83.39 90.89 75.37
CLIPText [29] 82.91 84.20 91.18 77.73
CLIPText (Ensemble) [29] 80.59  82.65 92.14 74.98
Prompt-CLIPText [29] 83.28 83.81 90.05 77.19
Prompt-CLIPText (Ensemble) [29] 83.88 84.49 92.34 78.00
LABCLIP [41] 79.97 83.00 92.02 75.72
_, BLIP [20] 74.72 78.82 88.74 70.39
_g BLIP 2 [18] 76.35 81.09 90.62 72.67
3 xGen-MM (BLIP 3) [39] 76.06  79.62 89.84 71.34
£ LLaVA [23] 79.19  79.67 87.54 7177
= Prompt LLaVA [23| 75.51 68.10 _ 55.14
= VILT [17] 78.06 80.90 90.62 72.75
VBB DeBERTa V3 78.96 77.72  85.88 69.97
VBB, DistilBERT 80.50 82.69 90.79 75.23
VBB, DistilRoBERTa 82.28 84.02 89.58 77.96
VBB,, RoBERTa 81.15 83.39 90.67 75.95
VBB,, BERT 83.61 84.93 91.31 78.18
VBB,, CLIP BERT 84.98 83.66 91.02 77.83
CLIP BERT [30] 71.81 77.37 88.16 68.75
BLIP BERT [20] 73.02 76.82  88.48 68.37
g VBB, DeBERTa V3 76.59 78.63 86.95 70.51
= VBB, DistilBERT 84.10 84.41 91.65 78.05
% VBB, DistilRoBERTa 77.25 80.87 91.00 72.70
A VBB, RoBERTa 79.97 82.76 91.64 75.03
VBB, BERT 83.25 84.16  91.49 77.46
VBB, CLIP BERT 81.94 84.46 91.24 77.09

Table 11. Detailed results for the VCTC task on the Artpedia dataset. The best results
for each metric are highlighted in bold, and the second-best results are underline.

lighting that multimodal pre-training allows the text encoder to capture more
visual-contextual than standard visually-grounded text-only encoders.

C.2 Loss weighting

As shown in Table 15, models trained with dynamic loss weighting consistently
outperform those using static weighting. This demonstrates that dynamically
adjusting the weight of classes during training is effective at addressing class
imbalance and enhances the model’s ability to distinguish between visual and
contextual content. This explanation is valid for BLIP and VBB.

C.3 Cross-attention layers

As illustrated in Figure 5 and detailed in Table 16, increasing the number of
layers from 2 to 24 leads to an increase in accuracy and F1 score, which indicates
that deeper cross-attention layers allow for a richer and more effective integration
of visual and textual features. However, the AUC increases up to 8 layers and
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Aqua
AcCmicro ACCmacro AUC F1 score
DeBERTa base [16] 97.01 90.54 98.65 86.87
DeBERTa large [16] 94.33 88.72 97.56  85.89
_.  DeBERTa V3 small [15] 92.47 85.98 96.29 81.24
.g DeBERTa V3 base [15] 94.89 87.68 97.02 86.41
S DeBERTa V3 large [15] 93.89 87.32 97.08 83.54
= DistilBERT [31] 95.35 90.48 98.32 86.39
5 DistilRoBERTa [31] 95.24  89.37 98.31 86.25
RoBERTa base [24] 95.33 89.59  98.32 86.33
RoBERTa large [24] 95.07 89.49 98.00 86.28
BERT [9] 84.90 89.76  92.14  77.37
VIKING classifier [13] 99.52 99.22 99.93 99.28
CLIPText [29] 96.33 82.81 99.16  80.27
_ CLIPText (Ensemble) [29] 95.76  82.89 99.51 79.25
,_g Prompt-CLIPText [29] 94.47 74.61 96.51  66.00
9 Prompt-CLIPText (Ensemble) [29] 94.84 75.48  96.40 67.46
.E LABCLIP [41] 96.54 83.78 96.49 80.42
= BLIP [20] 90.23 88.84  94.86  84.47
= BLIP 2 [18] 95.12 90.47 98.18 87.83
xGen-MM (BLIP 3) [39] 94.71  89.23 97.91 86.13
VIiLT [17] 95.50 90.27  98.32 87.33
VBB,, DeBERTa V3 98.88 88.07 98.29 91.86
VBB, DistilBERT 95.62 91.54 98.54 90.75
VBB, BERT 96.60 93.44 93.42 92.75
VBB,, CLIP BERT 99.88 99.85 99.52 99.77
< CLIP BERT [30] 93.89 87.62 97.09 84.35
A BLIP BERT [20] 93.74 88.39 97.63 83.99
VBB, DeBERTa V3 98.16 88.11 98.28 91.31
VBB, DistilBERT 99.76 99.63 99.54 99.64
VBB, BERT 99.71 99.77 99.83 99.44
VBB, CLIP BERT 99.73 99.72 99.51  99.47

Table 12. Detailed results for the VCTC task on the AQUA dataset. The best results
for each metric are highlighted in bold, and the second-best results are underline.

then slightly decreases for the 12 and 24 layers. While models with more layers
achieve the best F1 and accuracy scores, this slight drop in AUC suggests a
compromise between overall classification performance and the model’s ability
to effectively distinguish between classes.

C.4 Vision embedding

We isolate the contribution of the visual branch by swapping the image encoder
(ResNet-50 vs. ViT-L/14) while fixing the CLIP-BERT text backbone. Table 17
reports both the multimodal stage (VBB,, CLIP BERT) and the final text-only
model (VBB, CLIP BERT). ViT-L/14 delivers a consistent AUC advantage,
around +4.7 in both stages, and a small gain in Accpjcro for the multimodal
model. After removing the image modality, differences narrow: ResNet-50 is
marginally higher on Accpacro and F1, while ViT-L/14 retains a clear AUC
lead. Overall, the vision encoder choice is not the dominant factor for the text-
only classifier, and both variants perform similarly on accuracy/F1. Though
ViT-L/14 is preferable when ranking quality (AUC) matters.
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Prompt 1 (PZ1)

Prompt 2 (PZ2)

Prompt 3 (PZ3)

You are a text classifier.
You must classify a text
into one of the following
categories: "visual" or
"contextual". Your answer
must follow the schema
below, including the
original sentence and the
category you chose.

JSON schema:
{"possible_categories":
["visual", "contextual"],
"output": { "sentence":
"original_sentence",
"categorie_classifie":
"one_of_the_possible_
categories" } } Sentence
to classify: "{sentence}"
JSON answer:

Classify a text in one of
these category: "visual"

or "contextual". To answer,
follow the schema below. You
must include the original
sentence and the chosen
category.

JSON schema: {
"possible_categories":
["visual", "contextual"],
"output": { "sentence":
"original_sentence",
"categorie_classifie":
"one_of_the_possible_
categories" } }

Sentence to classify:
"{sentencel}"

JSON answer:

Your task is to classify a
text. Select one appropriate
category for the text
between: "visual" or
"contextual". Follow the
schema below to answer.
JSON schema: {
"possible_categories":
["visual", "contextual"],
"output": { "sentence":
"original_sentence",
"categorie_classifie":
"one_of_the_possible_
categories" } }

Sentence to classify:
"{sentencel}"

JSON answer:

Table 13. Presentation of the three prompts used for zero-shot prompting in LLaVA

Artpedia

AcCmicro AcCmacro F1 score Invalid %
LLaVA zero-shot (PZ1) 66.20+ 072 65.37+ 067 56.63+x 077 11.41 + 0.27
LLaVA zero-shot (PZ2) 68.64 + 030 68.34+ 045 58.50 + 031 6.18 + 0.36
LLaVA zero-shot (PZ3) 64.44 + 042 63.50 + 062 54.31 £ 085 7.16 + 0.20
LLaVA descriptive (PD) 70.63+ 021 59.45+ 035 34.47+ 089 7.57+ 0.10
LLaVA 1-shot (PF1) 75.51+ 047 68.10+ 001  55.14+ 176 25.34 + 071
LLaVA 2-shot (PF2) 73.99+ 0.86  65.25 + 080 49.11 + 0.08 29.81 + 0.27
LLaVA classification 79.19 012 79.67 toos 87.54 xo11 71.77 xo.07

VBB, DistilBERT 84.10 + 0.12 84.41 + 067 78.05 + 0.12 -
Table 14. LLaVA details result on prompting

C.5 Inference efficiency

Table 18 confirms the core promise of unimodal part: we use images only to
teach the text encoder, then keep a text-only model with the same footprint
as its original backbone. As expected, unimodals models are heavier than text
baselines because of the vision branch (VBB,, DistilBERT), while still faster
than BLIP (28.78 ms) and leaner than LLaVA (318.37 ms). They are costlier
than a compact VLM like LABCLIP. Dropping the image path at inference
slashes cost: DistilBERT runs in 3.28 ms with 67 M parameters and 271 Inf w,
almost 5.8 time faster with 5.5 time fewer params, and being 5.4 time lighter than
its own multimodal counterpart. It is also 3.7 time faster and 2.2 time lighter
than LABCLIP, and 97 time faster and 36 time lighter than LLaVA. Other
unimodal variants retain similarly small footprints (BERT/CLIP-BERT /BLIP),
with DeBERTa-V3 remaining the heaviest among our observed models. Finally,
unimodal delivers order-of-magnitude wall-clock and memory savings over large
VLMs, while preserving the accuracy gains learned in multimodal mode, making
it practical for large-scale systems. Moreover, since training occurs primarily in
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Artpedia
AcCmicro AcCmacro AUC F1 score

= VBB, CLIP BERT dynamic 84.98 83.66 91.02 77.83
T BLIP dynamic 75.77 79.26  89.45 70.23
.g VBB, CLIP BERT static 81.30 81.90 84.96 74.74
= BLIP static 75.74 79.53 89.67 70.48
= VBB, CLIP BERT ResNet  84.30 83.03 86.28 76.96
VBB, CLIP BERT dynamic 81.94 84.46 91.24 77.09
BLIP BERT dynamic 73.76 78.16 87.71 68.92
E VBB, CLIP BERT static 75.77 80.56 83.74 72.10
g BLIP BERT static 72.89 77.88 86.94 68.58
A VBB, CLIP BERT ResNet 81.78 84.69 86.53 77.20
CLIP BERT 71.81 77.37 88.16 68.75
BLIP BERT 73.02 76.82 88.48 68.37

Table 15. Influence of the different model components on document classification for
the Artpedia dataset.

Artpedia
AcCmicro ACCmacro Auc F1 score
VBB,, CLIP BERT (2 layers) 81.69 83.82 88.25 76.49
VBB,, CLIP BERT (4 layers) 82.30 83.96 89.34 76.85
VBB,, CLIP BERT (8 layers) 84.98 83.66 91.02 77.83

VBB,, CLIP BERT (12 layers) 85.09 84.45 90.54 78.55
VBB,, CLIP BERT (24 layers) 85.73 85.43 89.43 79.67

Table 16. VBB,, CLIP BERT performance on the Artpedia dataset with varying
numbers of cross-attention layers.

multimodal mode with only a lightweight classification layer to train in the
unimodal phase, training time remains reasonable.

C.6 Approach’s components for token classification

Table 19 presents a detailed ablation study focused on the token classification
task. The observations on the influence of model components are similar with
the main paper analysis of document classification.

We found that the choice of image encoder has a negligible influence on final
performance. While the main paper highlighted a marginal improvement with
the ViT encoder for document classification, we observe a negligible performance
gain when using the R-CNN encoder for the token classification task.

C.7 Document-level error analysis

To gain a deeper understanding of our model’s behavior, we conducted an anal-
ysis of misclassified documents. Table 20 reveal that BERT struggles more with
contextual descriptions than with visual ones across both the Artpedia and
AQUA datasets. This is likely due to the less ambiguous nature of purely visual
documents. For instance, in "Little Blue Horse", the model misclassifies as con-
textual document. The sentence, while providing external knowledge, contains
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Fig. 5. Impact of the number of cross-attention layers on model performance, wrt.
accuracy, AUC and F1 score.

Artpedia
AcCmicro ACCmacro AUC F1 score
CLIP ViT 84.98 83.66 91.02 77.83
CLIP ResNet 84.30 83.03 86.28 76.96

CLIP BERT ViT 81.94 84.46 91.24 77.09
CLIP BERT ResNet 81.78 84.69 86.53 77.20
Table 17. Influence of vision encoder

terms that can evoke a visual concept, confusing the model. Similarly, words
such as "painting" or "canvas" refer words present in both visual documents
and contextual ones, presenting a challenge for a text-only model.

The VBB, CLIP BERT model exhibits similar misclassification patterns on
ambiguous documents (see Table 21). However, it demonstrates greater accuracy
on certain cases that BERT fails on, such as "The work is stylistically..." and
"The painting is an oil...". It also shares a common failure point with BERT
on the sentence "Who is doctrinal message?", suggesting a similar limitation in
handling certain types of highly abstract questions. Overall, VBB, CLIP BERT
proves to be more robust on contextual descriptions, misclassifying fewer such
documents. While it maintains only a moderate drop in performance on visual
documents (17 documents, or 0.55% worse on Artpedia; 2 documents, or 0.04%
worse on AQUA), its superior performance on contextual descriptions indicates
a stronger grasp of the visual-contextual distinction. This comes at a small cost
to visual classification precision.

C.8 Analysis of misclassification on shared images

Table 22 highlights two cases where documents associated with the same image
in both the Artpedia and AQUA datasets were misclassified by BERT alone. In
fact, among the 803 images shared between the two datasets, BERT was the only
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Inft Param Infw

= DeBERTa V3 [15] 12.86 184.42 728.00
T DistilBERT [31] 3.28 66.96 270.93
£ DistilRoBERTa [31] 3.56 82.12 328.94
‘Z  RoBERTa [24] 6.05 124.65 492.52
= BERT [9] 5.91 109.48 434.52
LABCLIP [41] 12.09 151.58 591.56
_ BLIP [20] 28.78 223.35 2318.61
S LLaVA [23] 318.37 354.32 9792.34
S VBB DeBERTa V3  28.72 487.60 1903.84
.E VBB, DistilBERT 19.13 370.13 1454.98
S VBB, DistilRoBERTa 19.30 385.30 1512.99
S VBB, RoBERTa 21.79 427.82 1675.22
VBB, BERT 21.77 412.66 1617.22
VBB,, CLIP BERT  21.77 412.66 1617.22
CLIP BERT [30] 591 109.48 434.52
- BLIP BERT [20] 5.91 109.48 434.52
g VBB, DeBERTa V3  12.86 184.42 728.09
VBB, DistilBERT 3.28 66.96 270.93
VBB, CLIP BERT 5.91 109.48 434.52

Table 18. Efficiency comparison of baselines against multimodal and unimodal models.

Artpedia
AcCmicro ACCmacro Auc F1 score

© VBB, CLIP BERT dynamic 82.36 79.46 87.72 72.64
T BLIP dynamic 75.77 78.26  84.19 70.03
§ VBB,, CLIP BERT static 80.40 79.27 86.37 71.93
3:1 BLIP static 75.67 78.78  83.67 70.29
= VBB,, CLIP BERT R-CNN 81.35 77.63 81.96 70.27

VBB, CLIP BERT dynamic 81.84 84.33 90.96 76.95
- BLIP BERT dynamic 73.76 77.16  82.81 68.72
& VBB, CLIP BERT static 75.94 80.53  85.21 72.11
= BLIP BERT static 72.89 76.88 80.81 68.38
A VBB, CLIP BERT R-CNN 81.88 84.55 89.94 77.13

CLIP BERT 71.81 77.37  82.48 68.75

BLIP BERT 73.02 76.82  81.73 68.34

Table 19. Influence of model components on token classification in Artpedia

model to produce classification errors. This occured for 7 images for a total of 44
misclassified documents (34 from Artpedia, 10 from AQUA)3. All these errors
correspond to sentences that are primarily contextual, yet BERT predicted them
as visual. In contrast, VBB, CLIP BERT and VBB, CLIP BERT were able to
correctly label these images, suggesting successful visual information conveyance
into the text-encoder.

C.9 Token-level error analysis

To gain a deeper understanding of the models’ behavior, we performed a granular
analysis of token-level classification errors. Tables 23 and 24 present the most
frequently misclassified words from both contextual and visual documents, on
the Artpedia and AQUA datasets, for BERT and VBB, CLIP BERT.

BERT misclassified a total of 4,829 unique tokens. The misclassification of
4,169 tokens from contextual documents versus only 660 from visual ones re-
flects the same class imbalance observed at the document level. We found that

3 There may exist different text descriptions for a given image.
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Artpedia AQUA
from contextual from visual from contextual from visual

"Little Blue Horse "The triptych is — when did hon- — "what stand next
is an abstract a portrait of the thorst and ter- to a building?"
painting by Franz moments before brugghen spend — "what do a group
Marc, from 1912." Dyer’s death from around 1621%2" of people sit on a

— "The painting is an  overdose of "who  did  wvin- beach next to?"
an otl on canvas, pills in their hotel cenzo  giustiniani
with  dimensions room. " purchase?"
57.5 x 73 centime- "The work is "who is a chil-
ters." stylistically more dren’s game played

— "The blue and static and mon- as early as 2,000
ultramarine paint umental than years ago in
may be later Bacon’s ear- greece?"
additions. " lier triptychs of "what made zur-

Greek figures and

barn famous?"

friends’ heads."

Table 20. Documents misclassified by BERT for the Aqua and Artpedia datasets.
From contextual refers to contextual sentences that were classified as visual by the
model, while from visual refers to the inverse.

the most frequent errors for visual documents often involved names and concepts
such as “magnificat” and “lamentation”, which require external knowledge. Con-
versely, errors from contextual documents included tokens like “head”, “flesh”,
and “brushstrokes”, all of which carry strong perceptual connotations.

VBB, CLIP BERT exhibits a behavior broadly similar to BERT, misclassi-
fying 4,582 tokens (3,795 contextual and 787 visual), though the nature of its
errors differs subtly. A closer inspection reveals that the model mislabeled tokens
as visual in 14 contextual documents and as contextual in 78 visual documents.
Compared to BERT, it displays a more balanced prediction across tokens, sug-
gesting a better handling of class ambiguity.

On AQUA, both models made fewer errors. BERT misclassified 2,335 con-
textual tokens as visual while incorrectly labeling only 13 visual tokens as con-
textual. The most frequent errors included proper names like “mercury” and
“solomon” being mistakenly treated as visual entities. For VBB, CLIP BERT ,
the error counts were even lower, with only 71 contextual tokens and 19 visual
tokens misclassified. Unlike Artpedia where the majority of misclassified words
are ambiguous, only a portion of VBB,, CLIP BERT’s errors can be considered
semantically valid. For instance, in one instance of fully mislabeled tokens, words
like “tobacco”, “bottle”, and “hand” were classified as visual. While the wanted
label was contextual, the tokens themselves describe perceptual features, indi-
cating the model is making fine-grained distinctions that align with a visual
understanding.

C.10 Analysis of document-level classification

In Table 25, we aim at understanding the correlation between models in their
classification capacities. Resuts highlight notable differences between the two
datasets. On AQUA, only 2 documents (0.04%) were misclassified by all models,



as the San Pietro
Martire  Triptych
(1428-1429)"
"The attempt re-
sulted in a disas-
ter, with the larger
part of the Greeks
slain. "

aureolas.”

"The details of the
ruins are precisely
observed as they
appear at the site
in Rome."

"A storm 1is com-
ing on."

"who s doctrinal

message?"

"what do  such
works as the
young woman

composing music
present a rarefied
view of 2"
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Artpedia AQUA
from contextual from visual from contextual from visual
— "The pavement — "The background — "what do the four "what walk down a
is decorated with was  painted in eldest family mem- dirt road?"
marble tarsia, gold, with a bers respond with "what is the table
already used by blending effect in invocatory wverses made of 2"
Fra Angelico in correspondence from the book of "where do a group
earlier works such of  the saints’ psalms on?" of people sit?"

"what stand next
to each other?"

— "The studio is as-
cetically bare.”

Table 21. Documents misclassified by VBB, CLIP BERT for the Aqua and Artpedia
datasets. From contextual refers to contextual sentences that were classified as visual
by the model, while from visual refers to the inverse.

whereas on Artpedia this number rises up to 447 documents (14.46%). This
discrepancy illustrates that Artpedia is a more challenging corpus, likely due
to longer and more contextually complex descriptions, compared to the shorter,
more structured questions of AQUA.

Examining documents correctly classified by exactly two models reveals fur-
ther patterns of model convergence. On Artpedia, BERT and VBB,, CLIP BERT
demonstrate better convergence, with 137 (4.43%) shared documents correctly
classified. This compares to only 33 (1.07%) shared documents between the
BERT and VBB,, CLIP BERT, and 76 (2.46%) between VBB,,, CLIP BERT
and VBB, CLIP BERT. On AQUA, the performance aligns with theoretical
expectations derived from the relationship between VBB, CLIP BERT and
VBB, CLIP BERT. Notably, 732 (14.90%) questions were accurately classi-
fied by both VBB,, CLIP BERT and VBB, CLIP BERT, compared to only 3
(0.06%) between either VBB, CLIP BERT and BERT, or VBB, CLIP BERT
and BERT. This divergence suggests that understanding complex documents
requires a deeper analysis of syntactic relationships, a capability intrinsic to lan-
guage models, while shorter questions can be effectively processed by multimodal
architectures that are less dependent on deep text comprehension.

Furthermore, on Artpedia, 196 (6.31%) documents were correctly classified
by only one model, with 40 (1.29%) by BERT, 65 (2.10%) by VBB,, CLIP BERT,
and 91 (2.94%) by VBB,, CLIP BERT. These results indicate that VBB, CLIP
BERT developed classification mechanisms distinct from its parent model. A sim-
ilar trend was observed for the AQUA dataset, where each unimodal model cor-
rectly classified 1 (0.02%) question that others misinterpreted, versus 9 (0.18%)
for VBB,, CLIP BERT.
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Common images Artpedia

AQUA

"This scene is very similar
to other paintings Ruisdael
made of waterfalls.”

"what is an area
which was a rich
vein of inspiration

for ruisdael?"
Class = contextual
Predicted Class = visual

"A third version exists where

the boy is grasping a whistle" "what is laughterl?"
or flute.”

Class = contextual

Predicted Class = visual

Table 22. Examples of documents derived from common images in the AQUA and
Artpedia datasets that were misclassified by BERT.

Artpedia AQUA
Ground truth label
contextual visual contextual  visual
head magnificat mercury christmas
foreground lamentation batarnay beach
flesh 170x65 bathsheba tree
depicted palavas simplicity couch
portrays lennuk zacharias who
brushstrokes mcneill saskia sit
goddess reminiscent devoid next
heterosexual candle contorted to
toibin metamorphoses solomon a
seated pareja sienese on

Table 23. Top BERT misclassified words for contextual and visual labels. Word in the
columns were classified by BERT as the opposite of the ground truth label. In bold
words with high-confidence misclassification judged by human.

Artpedia AQUA
Ground truth label
contextual visual contextual visual
foreground kalevipoeg strewn skateboard
portrays lamentation leaning posing
goddess botticelli tavern forest
heterosexual 170x65 run for
toibin paston parallel mirror
pearl lennuk rear where
peasant mcneill sitting front
persica ghirlandaio window picture
concvlacaberis metamorphoses louvre who
your pareja people in

Table 24. Top VBB, CLIP BERT misclassified words for contextual and visual labels.
Word in the columns were classified by VBB, CLIP BERT as the opposite of the ground
truth label. In bold words with high-confidence misclassification judged by human.
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Correctly classified documents AQUA Artpedia
BERT N VBB, CLIP BERT N VBB,, CLIP BERT 4161 2202
BERT N VBB, CLIP BERT 3 137
BERT N VBB, CLIP BERT 3 33
VBB, CLIP BERT n VBB,, CLIP BERT 732 76
BERT 1 40
VBB, CLIP BERT 1 65
VBB,, CLIP BERT 9 91
Misclassified documents by BERT A VBB, CLIP BERT A VBB,, CLIP BERT 2 447
Total 4912 3091

Table 25. Documents correctly classified by one, two, or all three models, including
BERT, VBB, CLIP BERT, and VBB,, CLIP BERT.



