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1 Proposed Method

We employ a VAE-based architecture inspired by [1] that
translates text to image embeddings through a probabilis-
tic latent space.

1.1 Architecture

The encoder maps 1024D text embeddings through a
residual MLP to 896D latent parameters pu and log(o?).
During training, z is sampled via reparameterization trick
[2]; at inference, z = p. The decoder projects z to 1536D
through residual blocks and produces L2-normalized im-
age embeddings.

1.2 Loss Function
The total training objective combines a contrastive align-
ment term with KL regularization:

(1)

£tota1 = £contrastive + ﬁ ' EKL

1.2.1 Contrastive Loss

We adopt a symmetric multi-label contrastive loss in-
spired by supervised contrastive learning [3] and CLIP [4,
5], which handles multiple captions per image [6]. Given
a batch of B text-image pairs { (2!, 2,7 idx;)} 2 |, we
compute the similarity matrix S;; = 7 - (2imagC)Tz;magC,
where 7 = exp(fscale) 1s a learnable temperature (initial-
ized to exp(2.6592), as from [7]).

With multi-label positive mask M;; = W¥[idx; = idx;],
each directional loss uses a multi-positive formulation [3]:

B

1, X My exp(Sy)
Edircction - *E Z log B
i=1 Zj:l exp(Si;)

The symmetric contrastive loss is computed as
Lecontrastive = %(ﬁt—n + Lio), where Ly_; evaluates
the directional loss with S and £;_,; with ST.

(2)

1.2.2 KL Divergence Loss

The XAE - regularization  term is  Lki =
~35 2oic1 2oder (1 +10g(03y) — piy — 07;), where  puiq

Alessio Pannozzo
Matricola: 1960374

Marco Realacci
Matricola: 1938880

and afd are the latent mean and variance. We employ
linear warmup [8] for S:

epoch
max " F

if epoch < Eyarmup

warmup

Bepoch) = { 3)

max otherwise

with Eyarmup = 5 and fBmax = 0.2 to prevent posterior
collapse.

1.3 Training Details

The model is implemented within the PyTorch Light-
ning framework and trained using a supervised con-
trastive learning objective. For parameter optimization,
we employ the AdamW optimizer. The learning rate is
dynamically managed by a ReduceLROnPlateau sched-
uler, which monitors the Mean Reciprocal Rank
(MRR) on the validation set. If the MRR metric fails
to improve for a patience of 5 epochs, the learning rate is
consequently reduced by a factor of 0.3.

2 Results and Discussion

Our model achieved an MRR of 0.86807 on the pub-
lic leaderboard (baseline: 0.46205). The approach suc-
ceeds by combining three elements: (1) multi-layer resid-
ual blocks capture the complex non-linear transformation
between heterogeneous embedding spaces; (2) multi-label
contrastive loss directly optimizes for retrieval by attract-
ing matching pairs while handling multiple captions per
image; and (3) VAE regularization prevents overfitting
and encourages a generalizable latent representation.

3 Conclusion

Combining VAE-based probabilistic modeling with con-
trastive learning provides an effective framework for
model stitching tasks, translating between heterogeneous
embedding spaces from different pre-trained models. This
approach shows promise for broader applications in con-
necting incompatible model architectures.

LINK TO THE REPO


https://github.com/Federiko9811/aml-project

What We Tried

This section details the various approaches we explored during
the competition, including those that were not part of our final
submission.

Method 1: Relative representations

We explored the "relative representations" framework [9] by
projecting absolute embeddings into a relative coordinate sys-
tem defined by their cosine similarity to a fixed set of shared
anchors , this method theoretically enables zero-shot model
stitching without additional training. However, we observed
that this alignment yielded performance comparable to the
provided baseline without significant improvement, leading us
to discard this approach.

Method 2:
Noise)

We implemented a generative flow model based on Flow
matching for generative modeling [10] to transform a ran-
dom noise vector into a target image embedding. This method
failed because the task was too complex. The model was un-
able to learn the mapping from uninformative random noise
to a specific, correct point in the high-dimensional image em-
bedding space.

Flow Matching (Random

Method 3: Flow Matching (Text Embed-
dings)

We adapted the flow model to start from a simple projection
of the text embedding, rather than random noise. The model’s
task was simplified to refine this initial educated guess into the
final target image embedding. This approach also failed, likely
because the Flow Matching loss optimizes the velocity of the
path, not the final destination.

Metohod 4: Latent Space Mapping via
MLP (Contrastive Learning)

Building on the Prior concept [5], we implemented a 3-
layer MLP with LayerNorm and GELU activations to directly
map text embeddings into the image embedding space. To
align the representations, we optimized a multi-label symmet-
ric contrastive loss with a learnable temperature parameter.
This approach started overfitting the training data after few
epochs: the validation loss started rising. The best score that
we achieved on the public leaderboard with this model was
85,789% after a 30 epochs training.

Metohod 5:

Our final model, described in the first page.
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