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ABSTRACT

Unsupervised domain adaptation remains a critical challenge in enabling knowl-
edge transfer of models across domains. Existing methods struggle to balance the
need for domain-invariant representations with preserving domain-specific fea-
tures. This is often caused by alignment approaches that impose the projection of
different domain samples close to each other in latent spaces, despite drastic differ-
ences. We introduce LAGUNA - LAnguage Guided UNsupervised Adaptation, a
novel approach that shifts the focus from aligning representations in absolute coor-
dinates to aligning the relative positioning of equivalent concepts in latent spaces.
LAGUNA defines a domain-agnostic structure on the geometric relationships be-
tween class labels in the language space and guides the adaptation, ensuring that
the organization of samples in visual space reflects reference inter-class relation-
ships while preserving domain-specific characteristics. Remarkably, LAGUNA
surpasses previous work in 18 different adaptation scenarios across four diverse
image and video datasets with average accuracy improvements of up to +3.32%
on DomainNet, +5.75% on GeoPlaces, +4.77% on Geolmnet, and +1.94% mean
class accuracy improvement on EgoExo4D.

1 INTRODUCTION

Domain shift challenges trained models to generalize across scenarios with differing distributions
and presents a significant hurdle for supervised learning in computer vision ( , ). While
fine-tuning with labeled data from the target domain can mitigate this problem, obtaining such la-
bels often proves prohibitive. Unsupervised domain adaptation (UDA) ( , )
offers a compelling alternative, enabling knowledge transfer to novel domains without relying on
expensive labeled data, which has gained significant attention ( , ), promising
cost-effective solutions for real-world applications prone to domain shift. The typical UDA setting
considers the availability of a labeled source domain and an unlabeled target domain. In general,
source and target domains are semantically equivalent but drawn from distinct data distributions,
e.g., real images versus clipart of chairs, TVs, and mugs. Thus, the main challenge of UDA is to
effectively mitigate the distribution shift between domains, which is often addressed by reducing the
distribution discrepancy of source and target representatlon spaces either by minimizing some dis-
crepancy measure ( s ; s ), using adversarial learning ( , ;
, ), aligning data around centroids ( , ), or leveraging pseudo-labels (

; , ). These methods aim to align source and target representation spaces in

a shared coordinate system, pushing feature vectors of equivalent semantic concepts close to each
other in the embedding space, which may happen at the expense of the representation power of
individual domain-specific spaces. For instance, bright colors and rounded shapes might be impor-
tant to encode for representing a clipart, while nuanced shadows, reflections, and textures might
be important to represent a real image. As a result, the aligned space may become overly generic,
correctly encoding only a subset of the data (see Figure [(left)). Recent work ( ,
) showed that semantically equivariant representation spaces of similarly trained neural net-
works exhibit distinct representation spaces with matching geometrical structures. For instance,
two data points (x7,z2) may be mapped to distinct vector pairs in the two representation spaces
(vi,v3) and (vZ,v3) (e.g., ||vi — v?||2 >> 0 and ||vd — v3||2 >> 0), while angles between the two
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Figure 1: Left: Existing UDA approaches align source and target spaces in absolute coordinates,
potentially overlooking domain-specific characteristics and resulting in partial alignment. Right:
LAGUNA aligns spaces in relative terms, preserving distinct absolute coordinates (e.g., circles in
source and target) while matching angles 07, 0! between data points to a reference structure 6! (3
~ 0L ~ 01), encouraging similar geometric-semantic relations.

pairs will be similar in their own representation spaces (e.g., Z(vi,vd) ~ Z(v?,v3)) (

, ). This suggests that pushing representation spaces to overlap in absolute coordinates, as
done in current domain adaptation approaches, is not necessary to obtain equivariant representation
spaces.

Based on this observation, we introduce LAGUNA - LAnguage Guided UNsupervised Adaptation, a
novel approach to UDA which guides source and target spaces to develop semantic-geometric inter-
relationships reflecting the structure of a reference space (Fig. | (right)). As shown in recent works,
language can provide a semantic space agnostic to the nuances of visual observations, enabling
robust zero- shot generalization ( , ) and supporting domain robustness (

, ), hence we choose language to build our reference structured space
in LAGUNA This assumes the availability of both source and target samples of text descriptions,
which can be generated from captioning models ( , ) or collected from the web at a
fraction of the cost of human labeling ( , ). LAGUNA employs a 3-stage approach to
structurally align source and target representation spaces while allowing domains to preserve typical
patterns (Figure 2). In Stage 1, textual class labels are mapped to a domain-agnostic reference space
representing their semantic relationships. In Stage 2, a language model is trained to map captions
to the reference latent space, providing pseudo-labels for target samples. In Stage 3, a cross-domain
classifier is trained to encourage domain-specific representations to follow the reference structure.

Experiments demonstrate LAGUNA'’s superiority over existing SOTA methods across 18 different
domain adaptation scenarios sourced from four diverse image and video datasets, with gains of up
to +3.32% on DomanNet ( , ), +5.75% on GeoPlaces ( , ), +4.77%
on Geolmnet ( , ) and +1.94% mean per class accuracy on EgoExo4D (

, ). We further report ablations to analyze the specific contributions of our design choices
and compare LAGUNA'’s performance against SOTA zero-shot massive MLLM:s.

In sum, our main contributions are: 1) we investigate using relative representations for UDA, show-
ing its advantages w.r.t absolute alignment; 2) we propose LAGUNA, a method which learns a cross-
domain classifier where source and target spaces are distinct yet aligned to a reference structure; 3)
through extensive ablations and comparisons with SOTA, we show the superiority of LAGUNA.

2 RELATED WORK

UDA in Computer Vision. UDA seeks to transfer knowledge from a labeled source domain to an

unlabeled target domain ( ).

This is tackled through various approaches prommently, discrepancy- based methods that minimize
distribution differences using techniques like MMD ( ) ; s ;

R ; , ), and adversarial learning ( ; ;

; ; , ; ). Other approaches also 1nvest1gated

b 9 9 9
class-conditional distributions alignment ( s ; , ; s ), clus-
tering similar instances across domains ( , ; , ;
), instance-specific adaptation ( ; ; ) ), and

self-training leveraglng pseudo- labehng to 1n1prove target domain performance ( ,
, ). More recently, transformer-based approaches
utilize patch compos1tlon for domaln invariant representations through intermediate domains (
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, ). Video domain adaptation tackles the unique challenges of temporal dynamics and
consistency in videos ( R s ) with a part1cular
focus on adaptmg models across the exocentnc and egocentnc domains ( ;

, ). Existing approaches sought to align source and target
representat1on spaces in absolute coordmates often falling short in bridging complicated forms of
domain shift ( , , ). Contrarily, LAGUNA aligns representa-
tions in relative terms, encouragmg source and target visual spaces to share a similar structure as a
reference space derived from language while allowing them to encode domain-specific peculiarities.

Language Guidance in Vision UDA. Vision-language models like CLIP ( , ) have
shown prom1smg zero-shot transfer capabilities ( , ). However, when fine-tuned to
a specific scenario ( , ; , ), they lose the ability to generalize to
new domains ( ; s ). To address this, recent works leveraged
textual information to br1dge the gap between domains ( ,

; s ; ; s ) In part1cular the
seminal Work of ( , ) proposed to use textual captions to provide pseudo-labels for
the target domain and addressed UDA by training a joint classifier on source and target domains.
Similarly to ( ), we generate pseudo-labels from textual captions, but, rather than
seeking to align the visual representation spaces of source and target domains to language in an
absolute reference frame, LAGUNA uses language to guide a relative alignment between source
and target visual spaces.

Relative Encodings. Recent work ( , ) has shown that equivalent latent spaces
of similarly trained networks tend to be misaligned in absolute terms but share similar internal
geometric relationships. As a result, using relative encodings, obtained as similarity values of data

points w.r.t a predefined set of anchors, allows to perform zero-shot model stitching ( ,
), translate representation spaces across models ( s ) or modalities (
, ). As shown in ( R ), predefined invariances can be incorporated into

the learned representation to enable specific forms of relative representations. In (

relative encodings were used to tackle the downstream task of action anticipation. LAGUNA builds
on relative encodings to represent the semantic inter-relations between classes in a domain-agnostic
language-based reference space and support the development of aligned yet specialized source and
target domains.
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Figure 2: The 3-stage architecture. (1) We define domain-agnostic semantic anchors A. (2) A
language model G generates pseudo-labels for target data, trained with structural loss L£g and cross-
entropy loss Lo g. (3) A visual classifier is trained using an encoder V to extract features g and
g¢. We align visual-anchor similarities with text-anchor similarities using Lg, learnable anchors
(As, Ap), and textual representations (zt *Aly; ]). A Cross-Domain Attention layer grounds visual
features using A, and an MLP classifier is tralned with Lo g and regularized by Lreg.
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3 METHOD

LAGUNA works in 3 stages, as shown in Fig. 2. First, we create a language-based reference struc-
ture using anchor points to guide representation learning. Second, we train a language model to map
image/video captions to class categories, generating pseudo-labels for unlabeled target data while
keeping text embeddings aligned to the reference structure. Finally, we train a cross-domain visual
classifier that learns domain-specific action anchors structured similarly to our reference framework.

3.1 PROBLEM SETUP

We follow the formulation of ( ) and assume a labeled source domain X

{(x5,y5,13) )=, where samples z¢ are paired with labels y; and captions [§, whereas the target
domain X; : {1t} N, contains unlabeled samples = paired with language descriptions /%. These
textual descriptions can be readily obtained from associated metadata or generated using image-
to-text models ( , ). N, and N, represent the number of source and target samples,

respectively, and the two domains share the same high-level semantics and number of classes V..

3.2 STAGE 1 - REFERENCE STRUCTURE DEFINITION

Assuming shared classes across domains, Stage 1 (Fig. 2) builds a language-based, domain-
agnostic reference structure as a set of vectors A € RNeXPi, We obtain each vector by encod-
ing the N, class label names using a pre-trained SentenceTransformer model with output dimen-

sionality D; trained for semantic similarity ( , ). Following the rela-
tive representations literature ( , ), we treat these vectors in A as reference
anchors. For any vector v € RP!, we define its relative encoding with respect to anchors A as
r’ = rel(v,A) = [cos(v, A[1]),...,cos(v, A[N.])], where cos(-,-) represents cosine similarity

and .A[7] is the anchor for class . This vector r¥ captures the geometric and semantic relationships
between v and our reference language anchors 4. We define the complete set of reference affinities
as vt = [rel(A[l], A),...,rel(A[N.], A)], where each class anchor A[i] is represented by its re-
lationships to all other anchors in .A. During Stage 3’s cross-domain visual classifier training, these
encodings enforce the learned latent space to follow the same structure induced by .A.

3.3 STAGE 2: TRAINING OF THE LANGUAGE SUPERVISOR

Similar to ( , ), we train a language model (G) from captions to provide pseudo-
labels for target samples, which have no class labels. In addition, we also use G to learn textual repre-
sentations semantically structured as the domain-agnostic anchors .4, useful to encourage alignment
to the reference structure. Hence, rather than training a regular classifier, we directly supervise G
to provide representations that are 1) geometrically aligned to A and 2) suitable for predicting class
labels. Specifically, given a pair of source caption-label (I7,y?), G processes [7 to produce a vector
representation z{ = G(If). Next, we encourage the vector representation z; to be geometrically
aligned to A[y?] corresponding to ground truth action y¢. To do so, we compute r* = rel(z{, A),
the relative encoding of z{, and supervise it to be similar to r¥ = rel(A[y:], A), the relative encod-
ing of the anchor A[y;], with the following structure-preserving loss:

Lg=|r* —r¥%|. (1)
This loss encourages the encodings z; of text descriptions [; associated with y? to preserve the same
geometrical associations as A[y{], encouraging the latent space learned by G to mirror the structure

defined by A. To further favor alignment to A, rather than employing a classification head, we
predict class probabilities directly by Softmax-normalizing relative encodings:

r.
s e J

p; == (2)
dop et
Finally, we train the model using a combined loss L:
L=MLep(P™,yf) + XLs(r™ 1), (3)
where Lo g is the cross-entropy loss, while A\; and Ay are hyperparameter weights to calibrate the
magnitude of each loss. We refer to the label predicted by G from I} as 3!
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3.4 STAGE 3: CROSS-DOMAIN VISUAL CLASSIFIER

Stage 3 trains a cross-domain visual classifier aligning representations extracted through a visual
encoder V to the structure imposed by .4. We allow each domain to develop its own latent space, but
we encourage both spaces to be aligned to two sets of learnable anchors A; € RVe*Pv and A, €
RNexDv gpecific to the target and source domain respectively. We further ensure that the structures
of A; and A, are aligned to that of .4 through supervision provided by y; in the source domain and
the text supervision provided by G in the target domain in the form of 2! and 7!. The source and
target datasets are merged (/'E' = X; + AX,) and used for training with a total of M = Ny + N;
samples. Source samples comprise (z5,15, ;) triplet, whereas target samples (z£, 1, 7¢) use 7! in
absence of y!. Target and source images are processed by ) to obtain latent representations g} and
g, while target captions [} are processed by G to obtain latent representations z{ as follows:

gi =V(xi), 2z =60}, ¢ =V(). 4)
3.4.1 STRUCTURE LEARNING

To ensure the learned visual representations adhere to the structure defined by A, LAGUNA employs
a supervised learning approach based on relative encodings. For target samples, we first compute
ré = rel(z!, A). For source samples, we compute the relative encoding of the anchor associated
with the ground truth class A[y]: r% = rel(Ay;],.A). These encodings represent the relative
positions of textual representations with respect to the reference space .4 and are not trainable as
G is fixed. On the visual side, we compute the relative encodings of g¢ and g with respect to the
learnable anchors A; and A, ie., r% = rel(gt, A;) and v9 = rel(gf, As). We encourage the
visual relative encodings (rgﬁ, , ré ) to match the text relative encodings (rzz , rvi ) with an L1 loss:

lr% — 1|, if Target Domain

;CS - s
{|r97‘, 71-:‘/5 ,

This loss encourages ¢! and g; to maintain relationships with their respective domain-specific visual
anchors that mirror those expressed by .A. This process supervises both the learnable anchors A, A;
and the visual encoder V. However, since this loss alone might lead to the collapse of anchor
representations into a small region, hindering classification decision boundaries, we introduce a
volume (spread) regularization loss. This loss treats each set of anchors as a multidimensional
parallelotope whose volume in the latent space is measured by the determinant of its Gram matrix.
Given the Gram matrices for the three sets of anchors:

v=AA", vy =AAT, = AAT, ©)

we encourage the volume of each domain-specific parallelotope to be approximately equal to that of
A with the following loss:

Leg = [logDet () — logDet(v)| + [logDet(vs) — logDet(7)|. (7

We use log-determinants for numerical stability. This regularization loss ensures that visual anchors
occupy a volume similar to that of A, preventing collapse in the representation space.

&)

otherwise

3.4.2 CLASSIFICATION TRAINING

We perform classification training concurrently with structure learning. To ensure that source and
target visual representations are grounded in the structure imposed by A, while still being free
to capture domain-specific nuances, we propose a novel cross-domain attention layer that aims to
ground ¢! and g; to the structure of source anchors A;. We include two Cross-Domain attention
layers sharing the same weights for the target and source branches of LAGUNA (See Fig. 2). In the
target branch, we use g! as queries, target anchors A; as keys, and source anchors Ay as values. The
output is summed to g with a residual connection to include both domain-specific and cross-domain
information in the final representation:

fi = Attention(Q = ¢!, K = A,V = A,) +g! )
A similar processing is applied to the source encoding g;':
17 = Attention(Q = g;, K = A,V = A,) + g; )
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Crucially, the cross-domain attention layer constructs an attention map by leveraging the domain-
specific relations between the encoded representations and the anchors (i.e., QK. These relations
are expected to be similar across domains due to the influence of the structural loss Lg. This process
results in a unified representation since the output of the attention layer always depends on values
coming from the source anchors A;. The residual connection included in the attention layer is
introduced to account for domain-dependent class characteristics, which results in the feature vectors
/£ and f}. Finally, an MLP classification head processes f and f; to output predictions §! and 9.
The MLP has shared weights across domains and is optimized with a cross-entropy loss using y; for
source examples and 7! in the case of target samples. The overall training objective is:

L= LcrWi,y:) +ALs(r™,r7) + X3LReg (7, 7+), (10)

where A1, Ao, and A3 are hyperparameter weights to calibrate the magnitude of each loss value, and
’* signifies that the argument is domain-dependent .

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

Datasets. We evaluate LAGUNA on four comprehensive UDA benchmarks: DomainNet (

s ), GeoPlaces ( R ) Geolmnet ( , ), and Ego2Exo (

, ). DomainNet consists of 400K images across 345 classes and is used to evaluate perfor-
mance in 12 adaptation settings. Geolmnet and GeoPlaces, subsets of the GeoNet dataset, contain
over 750K images, and focus on geographic disparities for objects (GeolmNet with 600 classes)
and scenes (GeoPlaces with 205 classes). Finally, Ego2Exo is a subset of EgoExo-4D (

, ) curated for domain adaptation. It involves a total of 9086 videos and 24 categories.
DomainNet and GeoNet include per-image captions derived from BLIP-2 ( , ) and web
metadata, respectively, while Ego2Exo provides video descriptions from the original EgoExo-4D.
Model and training details. We use a pre-trained SentenceTransformer (

) for Stage 1 and a BERT base model ( s ) as text superv1sor (Stage 2). The latter
is trained on the source domain of each scenario for 5 epochs with a batch size of 64, a Ir of le-4,
and the AdamW ( s ) optimizer. The visual encoders (Stage 3) are tailored to each
dataset for fair comparisons with ex1st1ng approaches. For DomainNet, we adapt the Swin-B and
ViT-B backbones ( , ). For Geolmnet and GeoPLaces, we
utilize the ViT-B backbone. For EgoEExo we employ pre-extracted Omnivore-L features (

, ). All vision models undergo joint training with the other network components for 10
epochs with a batch size of 32, an initial learning rate of 1le — 4, and cosine scheduling. We set the
loss weights to A1=1.0, A2=0.1, and \3=0.001 to normalize the magnitudes of loss components.

4.2 RESULTS

‘We benchmark our model against various language -free UDA methods that have reported results on
the considered datasets (
, ). Addltlonally, we also compare w1th preV1ous approaches usrng

language gu1dance ( ;

, ). Following the evaluatlon protocols of each benchmark we report accuracy for Domaln-
Net, GeolmNet, and GeoPlaces, and per-class mean accuracy for Ego2Exo.
DomainNet. Table | presents the results on DomainNet, encompassing 12 UDA scenarios across
four distinct domains: Real (R), Clipart (C), Sketch (S), and Painting (P). LAGUNA is compared
against previous SOTA methods utilizing the Swin-B and ViT-B backbones as originally adopted
by the compared methods to ensure fair comparison. LAGUNA significantly outperforms previous
methods in 12 scenarios, with an average performance increase of 3.32% for Swin-B. For ViT-B,
LAGUNA leads in 11 of 12 scenarios, boosting performance by an average of 2.51%. Importantly,
LAGUNA achieves SOTA ViT-B performance without relying on extensive CLIP pretraining and
domain-aware prompting, unlike previous models ( , ).
Geolmnet & GeoPlaces. Table 2 presents the results on GeoImnet and GeoPlaces covermg adapta-
tion between the USA (U) and Asia (A) geographical domains. LAGUNA consistently outperforms

"For example, for Lo g the ground truth can either be 5 or 7L
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| Source— | Real Clipart Sketch Painting

Avg.

| Target— | C S P R S P R C P R C S

Language-free Approaches
Source Only 63.02 4947 60.48 70.52  56.09 52.53 7042 6591 54.47 7334 60.09 48.25 60.38
MDD (. N ) 52.80 4120 47.80 52.50 42.10 40.70 5420 5430 43.10 51.20 43770 41.70 47.11
SCDA ( R ) 54.00 4250 51.90 55.00 44.10 39.30 5320 55.60 44.70 56.20 44.10 42.00 48.55
SSRT-B ( R ) 69.90 5890 66.00 75.80 59.80 60.80 7320 70.60 62.20 7140 61.70 55.20 65.41
aa | MemSAC ( s ) 6349 42.14  60.32 7233 5492 46.14 7346 68.04 52.75 7442 5779 43.57 59.11
& | CDTrans ( s ) 66.20 5290 61.50 72.60 58.10 57.10 7250  69.00 59.00 72.10 6290 53.90 63.16
‘S | PMTrans ( s ) 74.10 61.10 70.00 79.30  63.70  62.70 77.50 73.80 62.60 79.80 69.70 61.20 69.63
n UDA with Language Guidance

TextMatch ( s ) 7136 64.30 65.32 81.25 65.65 64.85 81.09 72.65 63.94 81.08 70.84 64.17 70.64
nGramMatch ( s ) | 6892 59.82 63.15 7635 61.72 62.87 7635 69.28 62.51 76.04 68.52 60.52 67.17
LaGTran ( s ) 7730 68.25 67.35 81.31 67.03 66.81 80.78 75.62 68.08 7923 73.80 63.44 7241
LAGUNA 80.34 70.68 71.92 83.07 69.51 70.59 83.34 7971 70.51 83.32 7747 68.32 75.73
‘ Improvement ‘ +3.04 +243 +1.92 +1.82 +2.48 +3.78 +2.25 +4.09 +2.43 +2.24  +3.67 +4.15 +3.32
CLIP* ( s ) 7239 60.90 66.81 81.37 60.90 66.81 81.37 7239 66.81 81.37 7239 69.90 70.38
DAPrompt* ( s ) 73.90 6590 70.40 84.90 65.80 70.20 84.60 73.50 69.90 84.90 73.80 65.80 73.80
& | PADCLIP ( R ) 7640 67.50 72.70 8420 68.10 71.10 83.60 7630 71.70 83.50 7540 67.20 74.81
= | LaGTrant ( R ) 7633 69.11 71.22 84.38 6848 71.33 8431 7572 71.98 8471 75771 68.94 75.18
Z | UniMoS* ( s ) 7750 68.00 72.50 86.00 68.50 72.30 85.90 77.80 72.60 8580 77.20 68.20 76.03
LAGUNA 79.53 7318 74.24 86.04 73.54 7498 8581 80.24 74.43 86.57 79.89 74.11 78.54
‘ Improvement ‘ +2.03 +4.07 +1.74 +0.04 +5.03 +2.68 -0.09 +2.44 +1.83 +0.77  +2.69 +5.91 +2.51

Table 1: DomainNet dataset results for domain adaptation. Includes 4 domains: Real, Clipart,
Sketch, and Painting, for a total of 12 domain adaptation scenarios. The best results are reported in
bold while the second best are underlined.

Geolmnet GeoPlaces Model Ego—Exo Exo—Ego Avg.
Model Avg.
USA AU UsA ASU Source Only 8.39 1566  12.03
TA3N ( s ) 6.92 27.95 17.44
Source Only 5246 5191 4490 36.85 46.53 TransVAE ( s ) 12.06 23.34 17.70
CDAN ( N ) 5448 5387 42.88 3621 46.86 Zero-shot Video R —
MemSAC ( , 2022) 53.02 5437 4205 3833 46.94 ero-shot Video Recognition
" EgoVLP ( , ) 5.89 19.35 12.62
ToAlign ( s ) 55.67 5592 4232 3840 48.08 LaVILA ( ) 586 2316 1451
MDD ( s ) 51.57 5073 4254 3923  46.02 > : . -
DALN ( s ) 5536 5577 41.06 4041 48.15 UDA with Language Guidance
PMTrans ( N ) 56.76  57.60 46.18 4033 50.22 TextMatch ( s ) 10.36 13.57 11.97
- - nGramMatch ( s ) 11.50 15.46 13.98
UDA with Language Guidance LaGTran ( , ) 12.34 30.76 2155
TextMatch ( s ) 49.68 5482 53.06 50.11 5192 LAGUNA 13.52 3345 23.49
nGramMatch ( s ) 4953 51.02 51.70 49.87 5093 - - — — 5
LaGTran ( , ) 63.67 64.16 56.14 57.02 60.24 Target Supervised (oracle) 18.08 35.12 26.60
LAGUNA 67.39 6997 61.15 6351 65.40 Improvement +1.18 1+2.69 +1.94
Improvement +3.72 4581 +5.01 +6.49 +5.16

Table 3: Results on the Ego2Exo bench-
Table 2: Results on Geolmnet and GeoPlaces with mark. Best results are in bold, second best

4 adaptation scenarios using ViT-B. Best results are are underlined. All methods use Omnivore-
in bold, whereas second-best are underlined. L features except EgoVLP and LaVILA.

previous methods, achieving improvements of +3.72% (U—A) and +5.81% (A—U) on Geolmnet,
and +5.01% (U—A) and +6.49% (A—U) on GeoPlaces, for an average improvement of +5.26%.
Ego2Exo. LAGUNA demonstrates consistent gains also on the challenging Ego2Exo benchmark,
introduced in ( , ). LAGUNA surpasses prior work, achieving improvements of
+1.18% (Ego—Exo0) and +2.69% (Exo—Ego), for an overall average gain of +1.94% (note that
this is per-class mean accuracy), narrowing the gap with the oracle. These consistent gains across
18 adaptation scenarios highlight the significance of LAGUNA w.r.t prior UDA approaches.

4.3 ABLATION STUDY

In this section, we conduct comprehensive ablation studies across multiple dimensions of LAGUNA:
1) methodological component analysis, 2) language model assessment for reference structure gen-
eration, 3) qualitative comparison of relative vs. absolute alignment in LAGUNA’s features, 4)
comparison with zero-shot MLLMSs, 5) caption quality impact analysis, and 6) universal domain
adaptation performance evaluation. Additional complementary ablation studies are provided in the
supplementary material.

Methodological Elements. Table 4, ablates the main methodological elements of LAGUNA on
Geolmnet. We set up this ablation by removing LAGUNA’s core elements, namely the structure
loss (L5 - Eq. (5)), domain-agnostic reference anchors A, learnable anchors A;/,, cross-domain
attention (CD Attn. - Eq. (8), (9)), and the regularization loss (L req - Eq. (11)). We then progres-
sively add these elements (settings (1)-(5)) until we reach LAGUNA. For all settings, we report the
relative improvement (w.r.t. previous row) and the absolute one (w.r.t. first row).

Absolute alignment In setting (1), the visual classifier is trained on source and target samples using
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Setting Ls A Ay, CDAtn. Lpe, Avg Acc. Rel Imp. Abs. Imp.

(€8] - 63.21 - -

2) v 63.99 +0.78 +0.78
3) v o v - - 65.22 +1.32 +2.10
“) v v v - - 67.08 +1.77 +3.87
5) v v v v - 67.52 +0.44 +4.31
LAGUNA v v v v 68.68 +1.16 +5.47

Table 4: Ablation on LAGUNA’s methodological components. ’*’ means that the learnable anchors
Ay, are domain-independent (i.e., the same set of learnable anchors for target and source).

labels and pseudo-labels predicted by the text supervisor, which leads to a baseline model akin to
LaGTran. In (2), we add A and train the visual classifier as in setting (1), but we also add a loss
to align visual representations with the related class anchors in absolute coordinates through cosine
similarity. Setting (2) improves (1) by 4+-0.87, suggesting that imposing a reference structure beyond
pseudo-labels is beneficial to performance and that absolute alignment is too restrictive.
Relative alignment In (3), we extend (2) with domain-independent learnable anchors (v in Table
4, indicating that weights of A; and A, are shared) and add the Lg loss (Eq. 5). The introduction
of learnable anchors enables the relative alignment of the visual domain with .4, leading to gains of
+1.32 w.r.t (2) and +2.10 over (1), highlighting the benefits of the proposed relative alignment.
Domain-Specific Anchors Adding domain-specific anchors in setting (4) allows source and target
domains to focus on the individual characteristics of the respective domains, leading to a further
improvement of +1.77 w.r.t (3) and a robust +3.87 w.r.t the baseline (1).
Cross-Domain Attention Adding cross-domain attention in setting (5) bridges the gap between target
and source representations, leading to+0.44 w.r.t (4) and an overall improvement of +4.31 w.r.t (1).
Regularization Loss We achieve the final configuration in LAGUNA, where we add the regulariza-
tion loss, which prevents collapse in learning domain-specific anchors and leads to a further im-
provement of +1.16 w.r.t (5) and an overall gain of +5.47 w.r.t (1). These improvements show the
efficacy of LAGUNA and the benefits of aligning visual representations to a reference structure.
Language models for reference structures. Fig. 3 a) reports semantic similarity maps for 100
randomly selected classes form Geolmnet when three different language models are used in stage
1 (SentenceTransformer, CLIP, and BERT), together with the average accuracy obtained keeping
stages 2-3 fixed. Notably, accuracy follows the ability of models to distinguish classes, with low
off-diagonal values indicating more discriminative models. While we achieve best results with Sen-
tenceTransformer, LAGUNA is robust to different reference structures, maintaining SOTA results.
Absolute vs Relative Alignment. Figure 3 b) shows t-SNE plots and related Maximum Mean
Discrepancy (MMD) scores for 1000 randomly selected samples from the Geolmnet validation set,
where the source is USA. Notably, features are separated in absolute coordinates, while they blend
together (low MMD) in relative ones thanks to £ ¢ and domain-specific learnable anchors. This high-
lights that semantic alignment can be achieved without forcing representations into a shared space,
allowing each domain to preserve its unique characteristics while adhering to a common structure.
Comparison with *Zero-Shot” MLLMs. Despite recent advances in MLLMs with billions of pa-
rameters trained on web-scale data, our experiments reveal that LAGUNA significantly outperforms
them in challenging domain adaptation scenarios. Testing on two benchmarks requiring fine-grained
spatial and temporal discrimination (GeoNet and Ego2Exo, Tab 5&6), we compare against five
SOTA 7-8B MLLMs. LAGUNA achieved +11.84% higher accuracy on GeoNet and +2.78% in

Reference Structure Ablation on GeoImnet Cross-Domain Feature Visuvalization

cLIp
sinilarity Map

20 40 60 80 20 40 60 80

Avg. Acc = 68.7 Avg. Acc = 67.7 Avg. Acc = 67.3 MMD=0.26 MMD=0.05
a) b)

Figure 3: In a), similarity maps of 100 randomly selected classes from Geolmnet (yellow for high
similarity) and average accuracies. In b), t-SNE plots for 1000 randomly selected Source and Target
samples from Geolmnet, with respective MMD scores in Relative (right) and absolute (left) spaces.
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Geolmnet GeoPlaces Model Ego—Exo Exo—Ego Avg.
Model Avg.
UsA AU UsA AU LLaVA-Next 7B ( ) 4.28 4.95 462
-OneVisi 5 . .
LLaVA-Next 7B (2024b) 2288 2421 4041 4233 3246 é%vae:/; OueNision 78 oS A s
LLaVA-OneVision 7B (0242)  27.07  29.87 4629 4923  38.12 IntemVL3 8B (025 1307 %34 2071
Qwen2.5-VL 7B (2025) 5298 5634 5085 5411 53.56 et al, (2025) o - g
InternVL3 8B (2025) 3895 4158  53.66 5291  46.75 _
PLM (2025) 1993 2396 3558 4261 3052 LAGUNA 13.52 3345 23.49
LAGUNA 67.39  69.97 61.15 6351 6540 Improvement +0.45 +5.11 +2.78
Improvement +14.41 +13.63 +7.49 +9.40 +11.84

Table 6: Comparison on Ego2Exo against
Table 5: Comparison on Geolmnet and GeoPlaces  zero-shot MLLMs.
against zero-shot MLLMs.

mean per-class accuracy on Ego2Exo. More importantly, in the Ego2Exo benchmark, we surpass
InternVL-8B, which is trained in egocentric data and holds the state-of-the-art in many egocen-
tric benchmarks. As a final remark, LAGUNA is approximately 100x smaller than these MLLMs,
demonstrating that tailored models are still better at challenging UDA tasks.

Model SSC C—=S  Ave Model | H-Score
LLaVA-OneVision 7B (C0242) 8220 7410 78.15 Baseline (2024) 50.20
Qwen2.5-VL 7B (2025) 8235 7426 7831 UniDA ( ) 33.39
- DANCE ( ) 51.75
LAGUNA (LLaVA captions) 82.51 7620 79.35
LAGUNA (Qwen2.5 captions) 8277 7619 79.48 OVANet (2021) | 47.26
LaGTran ( ) 61.19
LAGUNA 64.41

Table 7: Ablation on the quality of generated cap-
tions with different MLLMs on sketch and clipart

domains from DomaiNet. Table 8: Experiment on GeoUniDA for

universal domain adaptation.

Caption Quality. Table | presents LAGUNA results using BLIP-2-generated captions for consis-
tency and fair comparison with previous works. In Table 7, we investigate how caption quality af-
fects LAGUNA’s performance by generating captions from two SOTA MLLMs: LLaVA-OneVision
7B and Qwen2.5-VL 7B, and evaluating LAGUNA on DomainNet’s skefch and clipart domains,
comparing its performance against the same MLLMs. Results show that LAGUNA benefits from
higher-quality captioning models and offers an alternative that is 100x smaller while achieving bet-
ter performance on specific domains. The supplementary material provides additional experiments
demonstrating: 1) LAGUNA’s robustness to low-quality captions and 2) its requirement for only
a few target captions to achieve SOTA performance, reducing the one-time computational cost of
automatic annotation with MLLMs. These findings make LAGUNA well-suited for real-world de-
ployment in constrained environments where billion-parameter models are impractical.

Universal Domain Adaptation. Finally, we assess LAGUNA’s performance in open-world do-

main transfer scenarios using the GeoUniDA dataset ( ), which, in contrast with
traditional domain adaptation benchmarks, evaluates universal domain adaptation across domains,
including both unique and shared semantic classes. Following OVANet ( ), we

employ the H-score metric that balances closed-set and open-set accuracies through their harmonic
mean. Notably, LAGUNA exhibits strong performance in this challenging setting, validating the
effectiveness of our method.

5 CONCLUSIONS

We introduce LAGUNA, a novel domain adaptation approach leveraging geometrical struc-
tures of semantically equivariant spaces to guide adaptation. LAGUNA defines a reference
representation space structure based on domain-agnostic class semantic similarities encoded
by a language model, ensuring the organization of sample projections reflects this structure
while preserving domain-specific characteristics. By conditioning the classifier to adhere
to this structure, LAGUNA encourages structural similarity across domain-specific latent
spaces, retaining unique features for improved classification.  This is achieved through
pseudo-labeling and learnable domain-specific anchors, guided by a loss function that pri-
oritizes mimicking geometrical associations over direct representation alignment. Extensive
experiments demonstrate LAGUNA’s superior performance compared to existing methods,
highlighting the importance of structural alignment and language-guided learning in domain
adaptation. Future work could explore extending LAGUNA to multi-modal adaptation scenarios.
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Appendix LAGUNA: LAnguage Guided UNsupervised Adaptation with structured spaces

Ablation on Increasing Data Ratios

Accuracy
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Figure 4: LAGUNA’s accuracy with different quantities of pseudo-labeled data (target samples with
captions).

A INTRODUCTION

This supplementary material presents additional ablation studies complementing those in the main
manuscript. We first examine the number of captions LAGUNA requires to achieve SOTA per-
formance. Second, we extend caption quality experiments by testing LAGUNA’s robustness with
lower-quality captions. Third, we ablate language model choices and target domain structural guid-
ance. Fourth, we provide detailed motivation for our regularization loss Lg4 in Eq. (8). Full code
and implementation will be released upon acceptance. In addition to LAGUNA’s code, we will also
provide scripts to reproduce all the MLLMs results reported in this work.

B ABLATION ON THE RATIO OF TARGET SAMPLES.

Our approach relies on image captions, whether generated or sourced elsewhere. A potential concern
with LAGUNA is that automatic annotation of large datasets can be tricky to obtain in full or even
time-consuming. While the costs of obtaining these captions are minimal compared to manual
annotation, we investigate the quantity of captions LAGUNA requires for SOTA performance in
Fig. 4. We progressively increase randomly selected pseudo-labeled training data from 10% to
75% and observe the performance impact. Notably, LAGUNA achieves high accuracy with only
10% of samples and reaches SOTA results with just 20%. This efficiency highlights the benefits of
our structure-driven approach, which organizes sample projections within domain-specific spaces
according to a reference geometric structure.

C ABLATION ON CAPTIONING QUALITY.

LAGUNA achieves SOTA results with high-quality (EgoExo04D), generated (DomainNet), and low-
quality (GeoNet) captions from web metadata, demonstrating high robustness. While the main
manuscript showed that LAGUNA benefits from higher-quality captioning models like Qwen?2.5-
VL ( ) and LLaVA-OneVision ( ), real-world scenarios may involve
suboptimal caption quality. We further examine LAGUNA’s sensitivity to caption quality in Tab.

by comparing performance with BLIP-1 and BLIP-2 generated captions. Our main results (Tab. 1)
use BLIP-2 captions from ( ), while BLIP-1 represents an earlier, less capable
iteration with lower captioning quality. Transitioning from BLIP-2 to BLIP-1 results in only a

14



Under review as a conference paper at ICLR 2026

Model |S—-C C-—S
BLIP-1 ( ) 69.9 60.1
BLIP-2 ( ) 72.0 64.1
LAGUNA (BLIP-1) 78.1 71.3
LAGUNA (BLIP-2) 80.2 73.5

Table 9: Ablation on caption quality with BLIP-1&?2 captioning models. We consider sketch and
clipart domains from DomainNet. The best result is in bold, and the second best is underlined.

Scenario | SentenceTransformer CLIP BERT

U—A 64.40 66.81 67.39
A—-U 67.35 69.40 69.97
Avg. | 65.87 68.11  68.68

Table 10: Ablation on three language models used in stage 2 and 3, SentenceTransformer, CLIP, and
BERT with SentenceTransformer-defined A on Geolmnet with two domains: Asia (A) and Usa (U).
The best result is in bold, and the second best is underlined.

2.2% performance reduction for C—S and 2.1% for S—C, confirming once again that LAGUNA
benefits from caption quality but also that it is robust even in lower quality captions. Moreover, if
we compare LAGUNA’s results to the accuracy of classification obtained from BLIP-1&2 captions
(through linear probing), we further emphasize the capability of LAGUNA to capture important
signal from both the language (structure and caption pseudo-labels) and the visual space, which
compensates for the quality of the captions.

D ABLATION ON LANGUAGE MODELS

In addition to the language model used for defining the reference structure through A4 in Stage 1,
LAGUNA employs language models in Stage 2 for encoding image/video captions trained for text
classification and capturing semantic structure. This model is then used to generate pseudo-labels
and serve as structure guidance for the target domain in Stage 3. We ablate the choice of language
model in these Stages, comparing LAGUNA’s performance when employing SentenceTransformer

( ), CLIP ( ), or BERT ( ) on Geolmnet
dataset in two settings: (1) using SentenceTransformer-defined A (Table 10) as it can better model
semantic relationships (recall Fig. 3 from the main manuscript) and (2) defining A with the same
language model as the one chosen for training (Table 1 1).

In setting (1), BERT outperforms CLIP and SentenceTransformer, motivating our choice for the
language model. In setting (2), CLIP achieves the highest accuracy, but its overall performance re-
mains lower than BERT’s in setting (1). These results not only emphasize the best model and justify
our choice but also demonstrate that using different models for structure definition and training can
boost performance since the choices are tailored for their specific characteristics. Specifically, the
Stage 1 model is selected for its ability to model meaningful relationships between classes, while
Stage 2 is intended for building better representations of captions that learn the defined structure and
can also produce better pseudo-labels.

E ABLATION ON STRUCTURE GUIDANCE FOR TARGET DOMAIN IN STAGE-3

During Stage-3 training of LAGUNA, in addition to classification training, we train our model also
for structure-preserving as defined from .4 using the structural loss Lg. In this particular training
loss, for the source domain, we supervise the visual relative representation rd = rel(g;, As) with
the language relative encoding of the class corresponding language anchor r¥ = rel(A[yf], A). On
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Scenario | SentenceTransformer CLIP BERT

U—A 64.40 66.48  66.32
A—U 67.35 69.28  68.72
Avg. | 65.87 67.88 67.52

Table 11: Ablation on three language models used in stage 2 and 3, SentenceTransformer, CLIP,
and BERT, used for Stage-2 training on Geolmnet with two domains: Asia (A) and Usa (U). In this
scenario, the same pre-trained model encodes A (stage 1). The best result is in bold, and the second
best is underlined.

Geolmnet Ego2Exo
U—A A—-U Ego—Exo Exo—Ego
r¥ | e B | A 7| o

67.39 6677 | 69.97 68.14 | 13.52 1349 | 3345 3288

Table 12: Ablation on structure guidance representations on Geolmnet and Ego2Exo. We consider
the comparison between relative representations obtained from using the language encoding r* and

from using rVi. The best result for each scenario is in bold. Note that for Ego2Exo the reported
metric is mean per class accuracy.

the other hand, in the target domain, since we do not have a ground truth label but only the estimated
pseudo label 3¢, we supervise the visual relative representation r9 = rel (gt, A;) with the language
relative encoding of the sample captioning re = rel(z!, A) to benefit from the richer information
expressed in the language encoding compared to the estimated pseudo-label. In this ablation, we
investigate the benefits of using the r* compared to relying on the pseudo-label and supervise the
visual encoding with r¥% = rel(Aly!], A). Specifically, we ablate on the Geolmnet and Ego2Exo
datasets and report the results in Table 12. Notably, r¥ constantly gives better performances than

¥ in all scenarios motivating our choice to use the textual encoding rather than the pseudo-label
corresponding anchor to create the relative representations for structure supervision in the target
domain.

F REGULARIZATION LOSS EXTENDED

In Section 3.4.1 of the main manuscript, we explain how the structure loss Lg is supported by
a regularization loss Lg., to avoid feature collapsing. The logic behind L., is built upon two
base concepts of linear algebra: Gram matrix and determinant. To better explain this logic and its
relation with volume and feature collapsing, in this section, we give more information about what is
a Gram matrix, what its determinant represents, how it is connected to volume, and why it serves as
a collapsing indicator to motivate our approach.

Gram matrix. Given a set of vectors vy, va, . .., v, in R?, the Gram matrix + is defined as:
y=VTV

where V' is the matrix whose columns are the vectors v;, and v is an n X n symmetric matrix whose
elements are the pairwise inner products of the vectors:

Yig = (vi, vj)

Additionally, its rank corresponds to the number of linearly independent vectors, and its determinant
(if full-rank) relates to the volume of the parallelepiped spanned by the vectors. If v is not full rank,
the vectors used to construct it are linearly dependent, so they do not span the full n-dimensional
space. Geometrically, this implies that the volume of the parallelepiped they define is zero, as they
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lie in a lower-dimensional subspace. In other words, a lower rank or a volume of zero of the vectors
composing v indicates collapsing in a lower subspace. In LAGUNA, we use these properties of
the Gram matrix to control and prevent the collapsing of the anchor vectors composing A, and A;.
Particularly, from Eq. (7) in the manuscript, we calculate v, = AT A, and v, = AT A;.

Determinant of Gram matrix. To determine if a set of vectors has collapsed, one can either com-
pute the rank of its Gram matrix or evaluate its volume in space. In LAGUNA, we choose the latter
approach as we can compare it with a reference volume that helps prevent collapse during training.
Specifically, to calculate the volume of the parallelepiped formed by the set of vectors (anchors) in
As /¢, we utilize the determinant. The determinant of a Gram matrix represents the square of the vol-
ume of the parallelepiped defined by the vectors used to compute the matrix (e.g., Det(ys) gives the
square of the volume occupied by all anchors in A;). Thus, the volume for A, /; can be expressed
as:

Volume, /; = |/ Det(vs/¢)-

Importantly, if the anchors in A/, are linearly dependent (i.e., not full rank), Det(v,/;) = O.
To prevent collapse, we can regularize Lg by requiring the volume to remain greater than zero.
However, in higher-dimensional spaces, volumes can have very large values. For numerical stability,
we replace Det(v,,;) with logDet(7,/:) in Eq. (8) and enforce that the space occupied by anchors
in A/, remains log comparable to that of the reference anchors in A preventing their collapse into
a zero volume. Specifically, Eq. (8) in the manuscript is defined as follows:

Lreg = |logDet(y:) — logDet(7y)| +
llogDet(vs) — logDet(v)], (11

where v = AT A.

G USE OF GENERATIVE Al

According to the ICLR 2026 policy regarding the transparency of generative Al use in submitted
works, we declare that generative Al tools were employed solely for language enhancement and
correction purposes in this manuscript. All content, including technical contributions, experimental
design, analysis, and conclusions, represents original work by the authors. We take full responsi-
bility for every word reported in this paper, as each statement has been carefully reviewed, verified,
and deliberately selected to accurately represent our research findings and contributions. The use
of Al assistance was limited exclusively to improving grammatical clarity and linguistic precision,
without influencing the scientific content or integrity of our work.
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