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6. Adapting large pre-trained VLMs for emo-
tion prediction

In the main section of this paper, we train models specifically
for the task of predicting the emotional response evoked by
artworks. In this section, drawing inspiration from EEmo-
Bench [6], our goal is to determine whether large pretrained
VLMs can be adapted for predicting the different emotion
representations identified in this paper without retraining.

6.1. VLM adaptation

We devise different ways of mapping the model’s internal
representation to the three emotion representations from
sec. 3. To do so, we extract the predicted probabilities of
the next token given a context prompt using the following
methods.

CES representation To obtain a CES representation, we
give the model a contextual prompt: “Assume you are an ex-
pert in emotional psychology. Choose one word from the fol-
lowing list: (<emotion-1ist—-str>). Which emotion is
primarily expressed in this image? The primary emotion is”.
The model then chooses the most likely token in its vocabu-
lary to start its answer. At this moment, we extract the proba-
bilities of each emotion label using their precomputed token
IDs, before undergoing a normalization to obtain the final dis-
tribution. The list of emotions <emotion-list—-str>is
defined according to the emotion labels present in the cor-
responding dataset. We sometimes run into the case where
a single emotion label is split into multiple tokens by the
tokenizer. To circumvent this issue, we establish a mapping
from single-token, rarely used symbols to our target emotion
set, and place it into the prompt.

DES representation To obtain a DES representation, we
follow the same methodology as [6], where we prompt the
model with the following text for each of valence/arousal:
“How would you rate the valence/arousal this image evokes in
the viewer? The level of valence/arousal this image evokes in
the viewer is”. The query tokens are “Negative”, “Neutral”,
“Positive”, and probabilities for each token are then weighted
with [-1.0, O, 1.0] respectively, before being normalized
using softmax.

DDES representation To obtain a DDES representation,
we first identified some emotional keywords from the NRC
VAD lexicon [17] such that their valence-arousal coordinates

spanned the 2D space as thoroughly and equally as possible.
Each symbol is mapped to its corresponding keyword in the
following prompt: “Assume you are an expert in emotional
psychology. Analyze the viewer’s emotion evoked by this
image. The emotion codes are mapped as follows: ¢ is
boredom, ® is hopeless, /\ is unhappy, V is humiliated, #&
is rage, Q is shy, > is timid, & is beholden, % is perplexed,
* is flustered, & is sleepy, O is contemplation, e is reverent,
o is forceful, U is fanatical, B is mellow, A is reflective, ¥
is yearning, 1 is expectant, ¥ is elation, § is calming,  is
grace, ¥ is prized, € is proud, £ is surprise. Which single
code from the set (<token—-labels>) best represents the
highest probability emotion? The code is”

Then, we extract the probabilities for every keyword, and
compute a KDE on the resulting weighted point cloud. The
density function is then discretized and normalized, follow-
ing our method. This is perhaps not the emotion representa-
tion most adapted to a VLM’s representation, but we wanted
to include it for comparison purposes.

6.2. Experimental results

In all of our experiments, we use the open-source Qwen-
2.5-7B VLM model. We performed the same experiments
as in sec. 4. Note that we could not however replicate the
seen/unseen scenarios, as we have to assume that a model of
this scale has seen ArtEmis, D-ViSA, EmoSet, EEmo-Bench
and WikiArt Emotions during training.

6.3. Observations

Querying a VLM leads to similar performance as su-
pervised training on seen datasets. When compared the
models trained on the combined datasets in tab. 3, we can
observe in tab. 4 that the VLM leads to very similar perfor-
mance on the seen datasets. Qwen performs slightly better
than the best supervised model on ArtEmis and D-ViSA, and
considerably worse on EmoSet.

VLMs perform much better on benchmark datasets, but
can not be considered zero-shot generalization. On the
benchmark datasets, Qwen considerably outperforms the
supervised models in every metric. On EEmo-Bench, the
difference is stark, with 0.757 against 0.59 Pearson corre-
lation on the valence axis, and 0.421 against 0.32 on the
arousal axis. The same applies for accuracy, at 52.1 against
21.2. Again, on WikiArt Emotions, we observe a consider-
able gap with 34.2 versus 10.5 for top-1 accuracy. This is
a much bigger difference in performance than for the three



Table 4. Comparison of different methods of extracting emotional comprehension from VLMs (QWEN-2.5-7B).

Mapping Method ArtEmis D-ViSA EmoSet EEmo-Bench WikiArt Emotions
Accy (e Tyt rat  RMSE;  Accy Tyt rar  Accy  Accy T
Logits to CES 399 0.138 0477 0.009 0.648 49.8 0.750 0.421 521 34.2 0.121
Logits to DES 16.3 0249 0325 0.105 0.644 19.7 0.682 0.358 199 109 0.127
Logits to DDES 154 -0.008 0.297 -0.067  0.870 24.4 0.757 0.400 21.1 2.83 -0.144

seen datasets, which is to be expected as it is not a fair com-
parison. The VLM has seen the datasets during its training,
and not only the test splits, but the train splits as well. The
very large amount of data it has ingested prevents it from
remembering every training example, but it still gives it an
innate advantage over the specialized models.

Categorical emotion states are the representation most
suited to extract a VLM’s emotional understanding.
The logits to CES method yields the best results for most
metrics in tab. 4; it is best or second best in all cases. This
representation is also the one that most closely matches the
usual inference process of a VLM, which is based on pre-
dicting probabilities for text tokens.

7. Additional results
7.1. Experiments with DDES-NET training

Additional experiments with DDES-NET under the single-
dataset training and combined training settings outlined in
sec. 4. The results are reported in tab. 5. These experiments
serve to explore research directions orthogonal to the choice
of emotion representation.

Single-dataset We assess DDES-NET’s zero-shot gener-
alization capabilities by testing it on our two benchmark
datasets, EEmo-Bench and WikiArt Emotions. We find that
the model trained solely on ArtEmis actually significantly
outperforms the model trained on the combined datasets
when looking at top-1 accuracy for both datasets, but ex-
hibits lower performance for valence-arousal regression on
EEmo-Bench.

Multi-dataset We test DDES-NET on the combined train-
ing setting, with 3 variations. The first one adds an auxiliary
loss inspired by [29]. Here, the predictions and ground truth
are first converted to DES representation using our equa-
tions from sec. 3.2, and a position, norm and orientation
loss are computed on the resulting vectors. These loss terms
are then simply added to the original loss. This additional
loss slightly increases performance on some metrics, while
decreasing it on others. We chose not to use this as base-
line. Other loss variations could be explored, such as Earth

Mover’s Distance (EMD), or regularization terms could be
added, for instance to penalize more heavily zones with no
mass in the ground truth.

The balanced sampling experiment consists of sampling
each dataset an equal amount of time during training. In
practice, this heavily upsamples D-ViSA, which is a much
smaller size than ArtEmis and EmoSet. This leads to slightly
increased performance on D-ViSA, ArtEmis and WikiArt
Emotions, but much lower performance on EmoSet and
EEmo-Bench. If the combined training procedure is ex-
panded, and more affective datasets are added to the pool,
sampling might become a more important concern, but for
now didn’t prove to be necessary.

Lastly, we substituted the enhanced ArtEmis with the
base version in the combined training pipeline. We observe
drastically worse results, as reported in sec. 4.5

8. Implementation details

8.1. Full emotion sets

The following are the full emotion sets used in datasets
mentioned in sec. 4.2.

EEmo-Bench The full set of emotions is: joy, surprise,
fear, disgust, sadness, anger and neutral.

WikiArt Emotions The full set of emotions is: agree-
ableness, anger, anticipation, arrogance, disagreeable-
ness,disgust, fear, gratitude, happiness, humility, love, opti-
mism, pessimism, regret, sadness, shame, shyness, surprise,
trust, and neutral.



Table 5. Additional experiments conducted on the DDES-NET model. In the single dataset training scenario, we evaluate a DDES-NET
model trained solely on ArtEmis on the additional benchmark datasets, EEmo-Bench and WikiArt Emotions. In the combined training
section, we experiment with adding an auxiliary loss, sampling the datasets samples equally each epoch instead of proportionally to their
size, and with using the base version of ArtEmis that does not incorporate the emotion points from the affective explanations.

Seen Datasets Unseen Datasets

Experiment ArtEmis D-ViSA EmoSet EEmo-Bench WikiArt Emotions

Accy T Tt ret  RMSE;  Accy Tt ret  Accy  Accy Tt
Single-Dataset Training
ArtEmis only 403 034 034 -0.03 0.58 18.6 035 0.18 31.7 132 0.21
Combined Training
Auxiliary loss 39.1 030 037 0.06 0.53 48.1 055 0.13 268 98 0.19
Balanced sampling 40.1 0.25 0.47 0.10 0.45 14.0 0.38  0.06 6.7 10.0 0.16

Base ArtEmis 139 0.17 0.184 -0.058 0.49 15.1 0.299 0.058 17.1 6.8 0.136




