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Abstract. Multimodal foundational models (FMs) for 3D-Digital breast
tomosynthesis (DBT) have the potential to improve data efficiency, model
explainability, and serve as a building block for breast cancer risk esti-
mation. Although DBT provides richer volumetric information than 2D
mammography, developing DBT-specific FMs encounters critical chal-
lenges: the unavailability of large multimodal datasets, 2D-to-3D domain
shift, and the inherent limitations of 2D FMs to model inter-slice depen-
dencies. This paper proposes Mammo2Tomo, a novel 2-stage adaptor,
extending the mammography FM Mammo-CLIP to 3D DBT volumes.
Our Stage 1 utilizes a pseudo-labeling strategy to mitigate the slice-level
mammography-to-DBT domain shift and better maintain image-text
alignment. In Stage 2, we introduce an aggregator anchored by C-view
projections to tackle volumetric modeling and capture essential inter-
slice dependencies. Experiments on two public DBT datasets show that
Mammo2Tomo improves average volume-level AUROC by ∼10% over
unadapted Mammo-CLIP and ∼16% over MedSigLIP, demonstrating ef-
fective mammography-to-DBT transfer while largely preserving multi-
modal image–text alignment.

Keywords: DBT · Foundational Models · Vision-Language Models.

Mammography and DBT are routinely used for the screening, diagnosis, and
risk estimation of breast cancer, a leading cause of mortality [18]. Recently, sev-
eral multimodal mammography FMs [8, 2, 5, 4] enhance the data efficiency and
interpretability of current computer-aided diagnosis (CAD) systems via image-
text alignment. DBT mitigates tissue superposition in 2D mammography, re-
ducing ambiguity and improving diagnostic detail. However, existing FMs are
trained solely on 2D mammograms, failing to process 3D DBT volumes. To ad-
dress this, we propose Mammo2Tomo – an adapter enabling Mammo-CLIP [8]
to process DBT volumes while largely preserving its learned image-text align-
ment.

Developing text-aligned DBT FMs is currently hindered by four challenges.
First, generalist FMs like MedSigLIP [17] lack domain-specific sensitivity and
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Fig. 1: Overview of Mammo2Tomo. Stage 1: Sentence prototypes from source
reports provide pseudo-label supervision for adapting f̂mammo to DBT slices and
C-views while ftext remains frozen. Stage 2: A transformer g aggregates per-
slice embeddings from f̂slice into a volume embedding vi, supervised by C-view
alignment (Lalign) and masked slice reconstruction (Lrecon).

downsample high-resolution images essential for mammography and DBT. Sec-
ond, recent DBT-specific models [3] rely on DINO [15], lacking the image-
text alignment essential for explainability and downstream report-generation
VLMs [7]. Third, training a DBT-specific FM from scratch is constrained by
the unavailability of large-scale paired DBT-report corpora; also, it inherently
discards the substantial knowledge encoded in 2D mammography FMs. Fourth,
applying Mammo-CLIP to individual DBT slices is fundamentally limited by the
severe mammography-to-DBT domain shift and ignores crucial inter-slice rela-
tionships. Therefore, we formulate an unsupervised domain adaptation (UDA)
setup utilizing a source dataset of mammogram-report pairs, with publicly avail-
able target DBT datasets [22, 1] lacking text or fine-grained annotations. Despite
the extensive UDA literature, most methods focus on task-specific supervised
adaptation rather than representation learning. Methods like adversarial domain
adaptation [6], Fourier domain adaptation (FDA) [20], or subspace alignment like
CORAL [19] are ill-suited for FMs and risk degrading image-text alignment due
to catastrophic forgetting.

Contributions. We propose Mammo2Tomo, a two-stage method based
on a pseudo-labeling framework for UDA [12]. In the first stage, we adapt the
Mammo-CLIP vision encoder to reduce the mammography-to-DBT domain gap,
using a dynamic forgetting coefficient to limit catastrophic forgetting and adap-
tive debiasing to correct pseudo-labeling bias toward frequent classes. In the
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second stage, we develop an aggregator that models inter-slice relationships uti-
lizing a masked autoencoder self-supervised learning strategy. To ensure the
resulting volumetric representation remains aligned with text, we synthesize an
approximate C-view [11] from the DBT slices and use its Mammo-CLIP en-
coding as a teacher anchor for volumetric representation learning. Our exper-
iments show that both slice- and volume-level representations largely preserve
image-text alignment and outperform generic FMs. Furthermore, our approach
substantially improves data efficiency and leverages text alignment to directly
localize pathologies on DBT slices.

1 Method

Mammo2Tomo consists of two stages: adaptation and aggregation. Stage 1
(adaptation) reduces the domain gap of Mammo-CLIP [8] from 2D mammog-
raphy (source) to DBT (target) via UDA. This stage exclusively updates the
image encoder to process DBT slices while freezing the text encoder. Our adap-
tation strategy is based on a pseudo-labeling framework and aims to preserve the
alignment between image and text after adaptation. Stage 2 (aggregation) ag-
gregates the adapted per-slice representations into a unified, text-aligned volume
representation. We formulate the problem to ensure the aggregator can learn the
relationship between slices while maintaining text alignment.
Notation. Let Ds = {(xs

i , t
s
i )} and Dt = {Vi} be the source 2D mammogram–

report pairs and the unlabeled target DBT volumes respectively. Each Vi has
Ni ordered slices at z-positions {pj}Ni

j=1 and a synthesized C-view c̃i. We denote
fmammo as Mammo-CLIP’s image encoder and ftext as its text encoder. w(·) and
s(·) denote weak and strong augmentations, respectively. Each breast imaging
finding (e.g., mass, calcification) k has a sentence prototype t̄k. Stage 1 yields
adapted encoders f̂slice and f̂cview from fmammo. Stage 2 learns an aggregator
g that takes per-slice representations {zj}Ni

j=1 ⊂ Rd with their z-positions {pj}
and produces a volume representation vi ∈ Rd and per-slice outputs {ẑj} ⊂ Rd.

1.1 Stage 1: Domain Adaptation

Following PadCLIP [12], we formulate an unsupervised domain adaptation (UDA)
task to mitigate the distribution shift between fmammo and target DBT images
without paired text. We use paired image–text data from the source domain Ds

and unlabeled images from the target domain Dt. Standard pseudo-labels (e.g.,
“a photo of a mass”) ignore the semantic variance of clinical reports. Instead,
we average relevant source-domain text embeddings to construct finding-specific
(e.g., mass) prototypes t̄k, alongside a normal prototype denoting finding ab-
sence.
Objective and total loss. Unlike classical classification-based UDA, we adapt
a pre-trained representation model while largely preserving its pre-trained vi-
sion–language alignment. To prevent catastrophic forgetting, we optimize the
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Table 1: Volume-level AUROC under ZS/LP/FT with mean pooling vs. learned
aggregation. Best in bold, second underlined.

OMAMA BCS-DBT

Cancer Mass Arch Dist.

Pool Method ZS LP FT ZS LP FT ZS LP FT

M
ea

n MedSigLIP 0.51 0.67 0.73 0.57 0.72 0.74 0.48 0.70 0.72
Mammo-CLIP-UnAdap. 0.49 0.70 0.77 0.65 0.72 0.76 0.61 0.71 0.74
Mammo-CLIP-Adap. 0.57 0.72 0.81 0.58 0.80 0.82 0.65 0.77 0.78

MedSigLIP 0.54 0.63 0.69 0.57 0.70 0.74 0.54 0.71 0.72
Mammo-CLIP-UnAdap. 0.53 0.72 0.80 0.58 0.76 0.79 0.69 0.74 0.78

A
gg

r.

Mammo2Tomo (Ours) 0.60 0.75 0.88 0.60 0.81 0.84 0.71 0.78 0.80

model end-to-end with a supervised contrastive loss on the source domain and
a pseudo-label consistency loss on the target domain. The adaptation loss is:

Ladapt = λ̄s · Lsource(Ds) + α · Ltarget(Dt). (1)

λ̄s is a dynamic knowledge-preservation coefficient: it decreases as catastrophic
forgetting increases, effectively lowering the learning rate on the source domain
to protect pre-trained weights (detailed below). α is a fixed scaling factor for the
target loss. Lsource is the symmetric InfoNCE loss on source pairs {(xs

i , t
s
i )}Bi=1:

Lsource = −
1

2B

B∑
i=1

[
log

eui·ei/σ∑
j e

ui·ej/σ
+ log

eei·ui/σ∑
j e

ei·uj/σ

]
, (2)

where ui = fmammo(x
s
i ), ei = ftext(t

s
i ), and σ is a learned temperature.

Pseudo-labeling on the target domain. The general idea is to perform
pseudo-labeling on the target domain, filtering for confident predictions to act
as pseudo-ground-truth supervision. Each target image xt

i is passed through the
augmentation module (AM), producing a weak view w(xt

i) and a strong view
s(xt

i). The weak-view representations are classified against the sentence proto-
types {t̄k} via cosine similarity followed by softmax, producing a soft pseudo-
label distribution qi over findings. Since the weak augmentation stays close to
the real image, these predictions are reliable enough to serve as pseudo-labels.
The consistency loss is:

Ltarget =
1

B

B∑
i=1

1
[
max(qi) ≥ τ

]
CE(p(yi | s(xt

i)), qi), (3)

where B is the batch size; 1[·] is an indicator activating the loss only when the
pseudo-label confidence satisfies max(qi) ≥ τ ; CE denotes cross-entropy; qi is
the soft pseudo-label distribution generated from the weakly augmented target
image; and p(yi | s(xt

i)) is the model prediction computed analogously to qi using
the strongly augmented target image s(xt

i).
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Table 2: Slice-level UDA of Mammo-
CLIP→DBT. Best in bold, 2nd

underlined. MC and S1 denote
Mammo-CLIP and Stage1.

OMAMA BCS-DBT

Cancer Mass Arch Dist.
Method ZS LP ZS LP ZS LP

MC-UnAdap. 0.47 0.66 0.69 0.82 0.67 0.90
AdaBN 0.46 0.66 0.65 0.84 0.66 0.92
FDA 0.51 0.66 0.72 0.83 0.76 0.95
Lin. CORAL 0.50 0.67 0.69 0.82 0.70 0.93
Adversarial 0.50 0.72 0.75 0.88 0.67 0.94
Ours (S1) 0.53 0.73 0.72 0.86 0.74 0.97

Table 3: T2I slice retrieval reported
as Recall@k (Rk), tolerance ±3. Best
in bold, 2nd underlined. All models
are w/ aggr. MC and ours denote
Mammo-CLIP and Mammo2Tomo.

OMAMA BCS-DBT

Cancer Mass Arch.
Method R1 R3 R1 R3 R1 R3

Random .11 .29 .10 .28 .10 .28
MedSigLIP .01 .03 .13 .26 .11 .19
MC-UnAdap. .27 .38 .30 .45 .11 .24
Ours .32 .42 .36 .49 .26 .40

Exploration vs. Forgetting. To ensure exploration, we use both weak and
strong augmentations. The weak augmentation w(·) applies standard geomet-
ric transforms (flips, affine, elastic) to yield representations similar to the orig-
inal image. To force out-of-distribution exploration, the strong augmentation
s(·) additionally applies Fourier Domain Adaptation (FDA) [20], which swaps
low-frequency amplitudes with those of random cross-domain samples using a
bandwidth parameter β. As the encoder adapts, it risks catastrophic forgetting
of its pre-trained alignment. We quantify this drift using the similarity between
the original, weak, and strong representations. We extract the ℓ2-normalized
representations for the original, weak, and strong views as ẽio = f0(xi), ẽiw =
fmammo(w(xi)), and ẽis = fmammo(s(xi)) respectively, where f0 is a frozen copy
of the base Mammo-CLIP image encoder. The raw triplet distance is:

λs = 1− 1

6B

B∑
i=1

(
∥ẽiw − ẽio∥2 + ∥ẽis − ẽio∥2 + ∥ẽiw − ẽis∥2

)
. (4)

To stabilize this dynamic measurement across batches, a momentum term ms

measures the cosine similarity between the weak and strong augmentations:
ms = 1

B

∑
i⟨ẽiw, ẽis⟩. The final dynamic coefficient λ̄s is updated iteratively dur-

ing adaptation: λ̄s ← ms · λs + (1−ms) · λ̄s
prev

Adaptive debiasing. To mitigate inter-class bias—where the model reinforces
errors by over-predicting majority classes—we track systematic bias via an expo-
nential moving average of target predictions: q̄ ← mtq̄+ (1−mt) 1

B

∑B
i=1 qi. We

then debias the soft pseudo-labels: qi ← qi− λ̄t log q̄. Here, target momentum mt

and forgetting coefficient λ̄t are computed analogously to ms and λ̄s, smoothly
penalizing bias based on uncertainty. Stage 1 independently adapts slices and
C-views, yielding f̂slice and f̂cview.

1.2 Stage 2: Aggregation

Stage 2 trains an aggregator g to convert the per-slice representations {zj}Ni
j=1

into a unified volume-level representation vi. This module models inter-slice de-



6 A. Kassem et al.

25 50 75 100
Training data (%)

0.60

0.68

0.76

AU
RO

C

Cancer (OMAMA-DB)

25 50 75 100
Training data (%)

0.70

0.76

0.82 Mass (BCS-DBT)

25 50 75 100
Training data (%)

0.62

0.72

0.82 Arch. Dist. (BCS-DBT)
Mammo2Tomo (Ours) Mammo-CLIP-UnAdap. + Aggr. MedSigLIP + Aggr.

Fig. 2: Data efficiency of Mammo2Tomo with LP for 25-100% of training data.

pendencies while largely preserving the image–text alignment of {zj}. Our ag-
gregator g maps per-slice representations to a volume representation. Represen-
tations {zj}Ni

j=1 from frozen f̂slice receive positional encodings indexed by their
physical z-positions {pj}Ni

j=1. A learnable [CLS] token is prepended:

[ẑcls, ẑ1, . . . , ẑNi
] = g([[CLS], z1, . . . , zNi

], [_; p1, . . . , pNi
]). (5)

The [CLS] yields volume representation vi = ẑcls, with {ẑj} for reconstruction.
Masked reconstruction. Following MAE [9], g reconstructs masked slice rep-
resentations from the surrounding context. We mask blocks of slices to prevent
trivial adjacent-slice interpolation, enforcing long-range 3D modeling. The loss
Lrecon = MSE(ẑmasked, zmasked) predicts the original representations at masked
positions, where zmasked are ground-truth representations from the frozen f̂slice.
C-view alignment. Reconstruction encourages g to understand the 3D struc-
ture of DBT slices, but it does not ensure that the aggregated volume rep-
resentation remains text-aligned. To do so, we anchor vi using a C-view im-
age – a synthesized 2D mammogram projected from the DBT volume. Since
Stage 1 successfully adapts the C-view encoder f̂cview, its resulting represen-
tation ci = f̂cview(c̃i) ∈ Rd provides a natural anchor for vi. Commercial C-
view algorithms are proprietary, so we approximate them via high-pass filtered
max-intensity projection [11]: Vi is convolved with a 9 × 9 × 9 3D high-pass
spherical filter and max-projected across depth to produce c̃i. The alignment
loss Lalign = MSE(vi, ci) anchors vi to the text space. The overall aggregation
objective combines both signals: Lagg = Lalign + λrecon Lrecon

2 Experiments

We evaluate whether (1) Stage 1 UDA establishes target-domain image–text
alignment; (2) Stage 2 aggregation yields superior volume representations; (3)
Mammo2Tomo remains data-efficient; and (4) Mammo2Tomo preserves pre-
trained cross-modal semantics.
Datasets. Source domain Ds comprises 82,624 mammogram–report pairs from
the UPMC, EMBED [10], and BUMC datasets, following Mammo-CLIP [8]. We
extract finding-specific (e.g., mass) sentence prototypes t̄k from 27,309 source re-
ports via a rule-based (regex) pipeline with negation detection. Target domainDt
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Fig. 3: MSAE-localized T2I slice retrieval. Top-ranked slices per finding are over-
laid with activation heatmaps and ground-truth bounding boxes (green). ∆ in-
dicates the offset from the ground-truth slice.

includes two DBT datasets: BCS-DBT [1] (22,032 volumes from 5,060 patients;
336 mass, 99 architectural distortion boxes) and OMAMA-DB [22] (67,534 vol-
umes from 15,149 patients; 376 cancer cases). OMAMA-DB provides one anno-
tated slice per volume with a cancer/non-cancer bounding box. BCS-DBT offers
one bounding box per volume for a subset of positive samples. OMAMA-DB has
no standard split, so we build stratified patient-level train/validation/test folds
matching RSNA’s per-fold prevalence; for BCS-DBT we adopt its provided par-
tition. We report on the held-out test set. Within each split, we keep all positives
and subsample negatives to match the prevalence of the RSNA [16] (cancer) and
VinDr-Mammo [14] (mass, arch.) benchmarks used by Mammo-CLIP: 2%, 5.5%,
and 0.6%.
Experimental Setup. Stage 1 of Mammo2Tomo adopts similar preprocessing
of DBT slices and training configurations from Mammo-CLIP [8]. Strong aug-
mentations and weak augmentations utilize FDA (β = 0.03) and the Mammo-
CLIP pre-training transformations, respectively. Following PadCLIP [12], we set
τ = 0.4 and α = 0.5. We adapt the encoder with AdamW (LR 5×10−5, weight
decay 10−4) and a cosine schedule at a batch size of 4. We precompute the
slice and C-view representations from the adapted Stage 1 encoders. Stage 2 of
Mammo2Tomo leverages a 2-layer transformer as an aggregator with 8 atten-
tion heads, a 512-dimensional hidden state, GELU activations, and a dropout
rate of 0.1. We train it for 50 epochs (batch size 16) using the AdamW optimizer
with a LR of 10−4 and a weight decay of 0.01. We schedule the LR with cosine
annealing and a 10-epoch early stopping patience. We mask contiguous 10-slice
blocks at a 50% ratio with λrecon = 0.5.
Evaluation tasks and baselines. To validate Stage 1 adaptation on image–
text alignment, we report zero-shot (ZS) and linear probe (LP) classification for
all the labels, comparing against UDA baselines e.g., AdaBN [13], FDA [20],
Lin. CORAL [19], and Domain-Adversarial Training [6], applied directly to the
Mammo-CLIP image encoder. To evaluate the Stage 2 volume representations,
we perform ZS, LP, and fine-tuning (FT) classification for the same three la-
bels, and report AUROC. A limitation is that our results are reported as point
estimates, without statistical uncertainty estimates such as confidence inter-



8 A. Kassem et al.

vals. We compare our aggregator against mean pooling across three text-aligned
encoders—MedSigLIP (a generalist model), unadapted Mammo-CLIP (Mammo-
CLIP-UnAdap.), and our Stage 1-adapted variant (Mammo-CLIP-Adap.); as
our goal is text-aligned volume representations, we omit vision-only DBT mod-
els (e.g., DBT-DINO [3]) that lack a text encoder for ZS and retrieval. LP is
trained for 30 epochs at LR 10−3 and FT for 10 epochs at LR 5·10−6. We strictly
follow Mammo-CLIP for remaining parameters. Our data efficiency evaluation
via LP utilizes 25% to 100% of the target training data to classify the 3 labels.
We quantify image–text alignment via text-to-image (T2I) slice retrieval, rank-
ing DBT slices against Stage 1 prototypes {t̄k} by cosine similarity, and report
Recall@k, ±3 tolerance. For spatial localization, we train an MSAE [21] (16,384
neurons, top-128 activation) on adapted features, extracting finding-specific neu-
rons by contrasting activations inside vs. outside ground-truth boxes.
Stage 1 Improves Target-Domain Alignment. Tab. 2 reports slice-level
UDA from 2D mammography to DBT. Mammo2Tomo (Stage 1) effectively
mitigates the severe 2D-to-3D domain shift, notably outperforming the Mammo-
CLIP-UnAdap. in cancer classification with relative AUROC gains of 12.8% (0.53
vs. 0.47) in ZS. Adversarial baselines, though competitive on isolated targets
(e.g., BCS-DBT mass), only align global statistics without semantic grounding,
whereas Mammo2Tomo provides direct target-domain supervision via finding-
specific pseudo-labeling. Furthermore, our adaptive weighting is designed to re-
duce catastrophic forgetting and better retain transferable knowledge than stan-
dard UDA.
Stage 2 Improves Volume Representations. Tab. 1 shows Mammo2Tomo
outperforms all baselines on volume-level classification. For ZS cancer, Mammo2Tomo
achieves 0.60 AUROC – exceeding MedSigLIP w/ mean-pool (0.51) and ag-
gregator (0.54) by 17.6% and 11.1% – confirming that aggregation preserves
target-domain image–text alignment. Under LP, Mammo2Tomo yields an AU-
ROC of 0.75 vs. 0.63 of the MedSigLIP w/ aggregator (∼19%↑). Contrasting
our aggregator with mean pooling under each fixed encoder isolates the ag-
gregator’s contribution: mean pooling degrades performance via uniform slice
averaging. Pretrained on non-mammographic medical imaging corpora, general-
ist MedSigLIP fails to capture breast-specific features for prototype matching.
Mammo-CLIP-UnAdap. fails due to the 2D-to-3D domain shift, motivating our
Stage 1 adaptation.
Data Efficiency. Fig. 2 shows that Mammo2Tomo outperforms the baselines
for the data efficiency via LP across varying training subsets (25% to 100%).
Notably, Mammo2Tomo trained on a 25% subset of the target data matches
the cancer classification AUROC of the Mammo-CLIP-UnAdap. w/ aggregator
(∼0.72) and outperforms the fully trained MedSigLIP w/ aggregator (∼0.63).
Text-guided slice retrieval. Tab. 3 shows Mammo2Tomo improves T2I slice
retrieval over MedSigLIP and Mammo-CLIP-UnAdap., raising mean R@1 from
0.23 to 0.31 (35%↑) and R@3 from 0.36 to 0.44 (22%↑), with a 136% R@1 gain on
Architectural Distortion (0.26 vs. 0.11). Qualitative MSAE localization (Fig. 3)
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shows top-ranked slices activating on the ground-truth boxes, staying localized
even for offset slices (∆ ̸= 0).

3 Conclusion

We introduce Mammo2Tomo, the first framework for text-aligned DBT volume
representations. To overcome the lack of paired target data, Mammo2Tomo
adapts Mammo-CLIP to mitigate the 2D-to-3D domain shift, aggregating slice
embeddings into unified volumes via C-view-anchored masked reconstruction.
Future work explores extending this framework to breast MRI.
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