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Abstract
Self-supervised respiratory encoders lack semantic grounding
in clinical domain needed for zero-shot inference, limiting their
utility without task-specific labeled data. We propose a frame-
work that aligns these encoders with medical terminology in a
shared latent space turning them into a zero-shot-capable foun-
dation model. To address paired data scarcity, we use a medical
LLM to synthesize structured reports from metadata, creating
dense semantic anchors for contrastive learning. Our training
combines a sigmoid-based contrastive loss with encoder’s na-
tive SSL objective and similarity-aware negative sampling to
sharpen pathological boundaries. Across 9 tasks on 6 datasets,
our method achieves a 61.3% mean zero-shot AUC, surpass-
ing CLAP (51.4%) and Qwen2-Audio (54.9%) while reaching
the highest linear probing AUC (71.6%) with only 43% of data
used by full-scale baselines, showing that structured semantic
alignment outperforms large-scale, general-purpose models in
clinical diagnostics.
Index Terms: Respiratory Foundation Model, Multimodal
Alignment, Zero-shot Learning, Clinical Diagnostics

1. Introduction
Respiratory auscultation remains one of the most widely prac-
ticed diagnostic procedures worldwide [1], yet its interpreta-
tion is highly subjective and dependent on clinical expertise
that is unevenly distributed [2]. AI-driven auscultation tools
offer a path toward scalable, objective screening [3, 4, 5], par-
ticularly in low-resource settings where pulmonologists are un-
available [6, 7]. For such tools to be clinically viable, however,
they must generalize to novel pathologies without task-specific
labeled data, a capability known as zero-shot inference, which
remains largely unattained in respiratory audio modeling [8].

Self-supervised learning has produced powerful acoustic
encoders that form the backbone of current respiratory AI.
General-purpose models [9, 10] learn spectro-temporal repre-
sentations through masked autoencoding on broad audio cor-
pora, while domain-specific efforts [11] tailor these to respi-
ratory events via large-scale pre-training. These encoders func-
tion as acoustic experts, resolving fine-grained auscultatory pat-
terns (crackles, wheezes, stridor) with high fidelity. Yet, their
embedding spaces remain semantically opaque: clusters corre-
sponding to distinct pathologies may be linearly separable, but
neither is anchored to the medical concept it encodes. Conse-
quently, every new clinical task requires supervised fine-tuning
with scarce, expert-curated annotations [12], creating a bottle-
neck that limits real-world deployment.

Multimodal contrastive learning addresses this by aligning
audio and text in a shared space, enabling zero-shot classifi-
cation via natural language prompts that are validated for vi-

sion [13] and general audio [14]. However, on clinical respi-
ratory benchmarks, general-purpose audio-text models fail to
outperform unimodal baselines [11, 15]: they are grounded
in everyday captions and lack clinical language. Training a
medical audio-text model from scratch would require paired
audio-report datasets that do not exist at scale for respiratory
sounds [16].

We observe that strong acoustic features and clinical lan-
guage understanding already exist in isolation: respiratory en-
coders [11] capture the diagnostic signal, while medical text
encoders [17] capture disease-level semantics. The core prob-
lem is not representation learning but representation align-
ment [18]. While other methods align vision-language spaces
[19] or employ generative instruction-tuning for respiratory
health [20], we address paired-data scarcity through sample-
efficient contrastive alignment. Building on this, we propose
REACH (REport-Augmented Contrastive alignment for respi-
ratory Health), a semantic alignment framework that re pur-
poses pre-trained unimodal respiratory encoders into zero-shot
capable multimodal tools through targeted post-training. Our
approach treats existing encoders as complementary assets and
focuses on learning the bridge between them. The design
is modular, accepting any transformer-based audio backbone;
data efficient, requiring no paired audio report corpora; and
non-destructive, preserving acoustic fidelity throughout.

Our framework addresses three challenges: (1) absent
paired data; we use an off-the-shelf medical-grade LLM [21]
to synthesize reports from metadata, creating semantic anchors
for contrastive learning; (2) low textual diversity; we employ
FAISS-based [22] similarity-aware negative sampling to mine
distant negatives; and (3) catastrophic feature degradation; we
combine a sigmoid contrastive loss [23] with the encoder’s na-
tive reconstruction objective as a structural regularizer. The
text encoder [17] remains frozen as a fixed semantic refer-
ence. Across 9 tasks on 6 datasets, our method achieves 61.3%
mean zero-shot AUC, surpassing CLAP (51.4%) and Qwen2-
Audio (54.9%), while attaining the highest linear probing AUC
(71.6%) with only 43% of the training data used by the full-
scale baseline [11].

The text branch employs a medical text encoder [17] that
remains fully frozen during alignment as a fixed semantic ref-
erence; only the audio branch and projection heads are opti-
mized. We evaluate on 9 tasks from 6 publicly available res-
piratory datasets spanning in-domain and out-of-domain set-
tings. Our method achieves a mean zero-shot AUC of 61.3%,
surpassing CLAP (51.4%) and the 7B parameter Qwen2 Audio
(54.9%), while using only 43% of the pre-training data available
to the full-scale baseline [11]. Importantly, alignment does not
compromise unimodal capability: our model attains the highest
mean linear probing AUC (71.6%), exceeding even the baseline
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Figure 1: Overview of REACH: a semantic alignment framework that repurposes pre-trained unimodal encoders for zero-shot respi-
ratory sound classification via LLM-augmented report synthesis, similarity-aware negative sampling, and structure-preserving con-
trastive alignment.

trained on the complete proprietary corpus. Our contributions
are as follows:
1. A modular semantic alignment framework (REACH) that

transforms pre-trained unimodal respiratory encoders into
zero-shot capable multimodal models, decoupling acoustic
pre-training from clinical language grounding.

2. An LLM augmented report synthesis pipeline that con-
verts discrete metadata into clinically structured text, creat-
ing semantic anchors that eliminate the need for paired audio
report datasets.

3. A structure-preserving alignment strategy that reconciles
cross-modal transfer with preservation of acoustic features
by jointly optimizing a sigmoid contrastive objective [23]
with the encoder’s native reconstruction loss, complemented
by similarity-aware negative sampling.

4. Comprehensive empirical validation across 9 tasks on 6
datasets, demonstrating that targeted alignment with 57%
less data outperforms both full-scale unimodal pre-training
and general-purpose audio language models of significantly
larger capacity.

2. Methodology
2.1. Problem Formulation

Let fa denote a pre-trained unimodal audio encoder and ft a
pre-trained text encoder, producing embeddings xa ∈ Rm and
xt ∈ Rn, respectively. These embedding spaces are inde-
pendently learned and share no semantic correspondence. Our
objective is to learn projection heads Ha : Rm → Rd and
Ht : Rn → Rd that map both modalities into a shared space
Rd where semantically corresponding pairs are aligned.

Let za = Ha(xa) and z+t = Ht(x
+
t ) denote projections of

a matched pair and z−t = Ht(x
−
t ) a non-corresponding report.

We seek projections satisfying:

S(za, z
+
t ) > S(za, z

−
t ) ∀x−

t ̸= x+
t (1)

where S(·, ·) denotes cosine similarity. For instance, the projec-
tion of a recording with prominent wheezes should be closer to a
report describing “expiratory wheezes in a 70-year-old female”
than to one describing “clear breath sounds with no adventi-
tious findings.” Once aligned, zero shot classification reduces to
argmaxc S(za, ztc) over class specific text anchors {ztc}Cc=1,
each generated by encoding a clinical prompt for class c.

2.2. Semantic Anchor Generation via LLM Augmented Re-
port Synthesis

Contrastive alignment requires semantically rich, paired text for
each audio sample. Existing respiratory datasets provide only
discrete metadata: sound type (e.g., cough, breathing cycle),
adventitious sound labels (e.g., wheeze, crackle), recording lo-
cation (e.g., posterior lower lobe), patient demographics, and
disease diagnosis. These categorical fields lack the narrative
structure needed to serve as effective linguistic anchors.

We employ a medical-grade off-the-shelf LLM (i.e., GPT-
4 [21]) to transform this metadata into standardized clinical re-
ports, conditioned on a prompt instructing the model to adopt
the role of a pulmonologist:

You are a Pulmonologist tasked with interpreting respiratory auscultation

findings. Based on the given conditions, write 2–3 lines covering clinically

relevant information. Only use the information given to write about condi-

tions. Do NOT mention anything about further evaluation or characteriza-

tion.

This prompt enforces two constraints: restricting the LLM
to the provided metadata prevents hallucination of ungrounded
clinical details, and prohibiting follow-up recommendations
keeps the anchors tightly coupled to the observable acoustic
content. To prevent information leakage, the metadata used dur-
ing alignment is strictly partitioned from evaluation data; at in-
ference, the model encounters clinical concepts (e.g., COPD)
never paired with audio during training.

2.3. Model Architecture

Our framework is architecturally modular, accepting any pair
of transformer-based unimodal encoders. We instantiate it with
two backbones selected for complementary strengths.

Audio Encoder. We adopt a respiratory-specific trans-
former [11] pre-trained via masked spectrogram reconstruction
on a large-scale mel spectrogram corpus (see Table 2 for the
specific variant), representing the current state of the art for res-
piratory feature extraction.

Text Encoder. We employ the text branch of MedSigLIP [17],
a medical vision language encoder pre-trained on paired chest
radiographs and clinical reports via sigmoid contrastive loss. Its
representations encode clinical nomenclature and report struc-
ture, making it an ideal fixed semantic reference. The vision
encoder is discarded; only the text encoder is retained. Notably,
this encoder has never seen respiratory audio, so all cross-modal
alignment is learned through our framework.



Projection Heads. We introduce lightweight projection heads
Ha and Ht, each consisting of a linear layer followed by layer
normalization, mapping m and n dimensional features into the
shared d dimensional space.

2.4. Alignment Objective

We optimize a dual objective that drives cross-modal alignment
while preserving the encoder’s pre-trained feature geometry:

Ltotal = Lcontrastive + LMSE (2)

Contrastive Alignment (Lcontrastive). We adopt a SigLIP-
based [23] formulation that treats each audio text pair as an
independent binary classification problem. For a batch of N
pairs:

Lcontrastive = − 1

N2

N∑
i=1

N∑
j=1

log σ
(
yij

(
α · S(zia, zjt)

))
(3)

where yij = +1 if (i, j) is a matched pair and yij = −1 other-
wise, σ is the sigmoid function, and α is a learnable temperature
parameter. Unlike softmax-based InfoNCE [13], this formula-
tion requires no global batch normalization, making it robust to
the small batch sizes typical in medical settings.
Masked Reconstruction Regularizer (LMSE). Contrastive
fine tuning alone risks distorting the pre-trained acoustic man-
ifold [24]. We retain the encoder’s original self-supervised ob-
jective: during each forward pass, random spectrogram patches
are masked, and the encoder reconstructs them. This MSE loss
acts as a structural regularizer, anchoring representations to
their pre-trained geometry while the contrastive term reshapes
the space for cross-modal compatibility.

2.5. Similarity Aware Negative Sampling

In clinical domains, semantically distinct conditions can pro-
duce textually similar reports (e.g., “wheezes in a 65-year-old
male with asthma” vs. “wheezes in a 60-year-old male with
COPD”), rendering in batch random negatives insufficiently
contrastive.
Offline Indexing. Before training, we encode the entire re-
port corpus with the frozen text encoder and construct a FAISS
index [22] over the resulting embeddings.
Online Negative Swapping. During each training step, 50%
of audio samples in the batch undergo negative swapping: we
query the FAISS index to retrieve the kth furthest embedding
(k=10) from the positive anchor, which replaces the in-batch
negative. Selecting k=10 rather than the absolute furthest point
avoids degenerate outlier negatives while ensuring substantial
semantic distance. This forces the model to maximize the mar-
gin between unrelated clinical pathologies in Rd.

2.6. Training Strategy

The text encoder remains fully frozen; only the audio encoder
and projection heads are updated (lr = 1 × 10−5, 100 epochs).
This asymmetry ensures the acoustic manifold migrates toward
the stable clinical text space, and that inference prompts are in-
terpreted in the same semantic frame used during training.

3. Experimental Setup
3.1. Evaluation Benchmark

We evaluate on a comprehensive benchmark [11] comprising
6 publicly available respiratory sound datasets to evaluate rep-
resentation quality, generalization, and cross modal alignment.

Table 1: Summary of curated datasets; shaded rows denote
OOD datasets withheld from pre-training and alignment.

Dataset ID Task Modality #Samples

CovidUK [25] T1 Covid/Non-covid Exhalation 840 / 1660
T2 Covid/Non-covid Cough 840 / 1660

COUGHVID [26] T3 Covid/Non-covid Cough 547 / 5628
T4 Female/Male Cough 2468 / 4795

ICBHI [27] T5 COPD/Healthy Lung sounds 793 / 35
Coswara [28] T6 Smoker/Non-smoker Cough 201 / 747

T7 Female/Male Cough 759 / 1737
KAUH [29] T8 Obstructive/Healthy Lung sounds 129 / 105

Resp.@TR [30] T9 5-class COPD severity Lung sounds 72/60/84/84/204

The benchmark consists of 9 tasks grouped into 5 in domain
(ID) tasks, drawn from datasets used during pre training and
alignment, and 4 out of domain (OOD) tasks, drawn from
datasets the model has never encountered in any training phase.
All tasks are binary classification problems except T9, which is
a five class COPD severity grading task. Table 1 summarizes the
dataset characteristics, task definitions, and class distributions.

3.2. Evaluation Protocol

We evaluate along three axes. Linear probing: a frozen encoder
plus single linear layer (5-seed average). kNN: non-parametric
classification measuring embedding geometry directly. Zero-
shot: each class is represented by a clinically descriptive text
prompt encoded into the shared space; classification assigns
each sample to the nearest text anchor by cosine similarity. We
report AUC (%) throughout.

3.3. Baselines

We organize baselines into three categories to contextualize our
results against models with fundamentally different capabilities:
Unimodal encoders (linear probing and kNN only): OpenS-
MILE [31], VGGish [10], AudioMAE [9], and the OPERA
family [11] (OCT, OCE, OGT). General-purpose audio-text:
CLAP [14] (all three protocols). Audio-language decoders
(zero-shot only): Qwen2-Audio 7B [32] and Audio-Flamingo-
3 [33], included to test whether scale compensates for domain
alignment.

3.4. Data Fairness and Training Conditions

A critical consideration in our evaluation is data parity. The
full OPERA training corpus contains datasets with varying ac-
cess conditions: a subset is publicly available, while the re-
mainder requires institutional data use agreements. To ensure
a reproducible and fair comparison, we retrain OPERA variants
(denoted † in Table 2) using only the openly accessible sub-
set, comprising approximately 43% of the original training vol-
ume. Our alignment framework operates on this same subset,
ensuring all comparisons against † variants are data-matched
and isolate the effect of our alignment strategy from differences
in training scale. We additionally report full-corpus OPERA re-
sults (without †) to contextualize absolute performance, but ex-
clude these from the primary ranking due to the differing train-
ing data.

4. Results
Table 2 presents the full benchmark results. We analyze them
along three axes: preservation of unimodal capability, improve-
ment in latent space structure, and zero-shot cross-modal trans-
fer.
Alignment enhances unimodal features, rather than degrad-
ing them. Restricting the acoustic encoder [11] to the openly
accessible 43% of its original training corpus incurs a 2.3 point
drop in mean linear probing AUC (67.7 → 65.4). Our alignment



Table 2: Benchmark results (% AUC). †: trained on open ac-
cess data only (≈43%). Shaded : full corpus, excluded from
ranking. ∆: gain over OGT†. Bold and underline indicates the
best and the second best respectively.

In Domain OOD
T1 T2 T3 T4 T5 T6 T7 T8 T9 Avg

Linear Probing ↑
CLAP 56.5 64.8 59.9 66.5 93.3 68.0 74.2 69.7 63.6 68.5
OpenSMILE 55.0 64.9 53.7 67.7 57.9 53.4 75.3 63.6 49.4 60.1
VGGish 58.0 55.7 53.8 60.0 60.5 50.7 60.6 60.5 59.0 57.6
AudioMAE 54.9 61.6 55.4 62.8 88.6 54.9 72.4 61.6 51.0 62.6
OCT 58.6 70.1 57.8 79.5 85.5 68.5 87.4 72.2 62.5 71.3
OCE 55.1 62.9 56.6 72.1 87.2 67.4 80.1 74.1 68.3 69.3
OGT 60.5 67.7 55.2 73.5 74.1 65.0 82.5 70.3 60.6 67.7
OCT† 58.7 67.2 56.7 76.9 88.0 67.4 84.4 68.4 66.2 70.4
OCE† 55.1 65.4 54.8 70.6 87.1 64.2 75.0 63.0 65.2 66.7
OGT† 56.2 64.7 55.6 70.3 74.5 62.9 77.8 64.7 61.7 65.4

REACH (Ours) 63.8 69.8 56.3 78.4 90.2 66.1 86.3 66.9 66.6 71.6
∆ 7.6 5.1 0.7 8.1 15.7 3.2 8.5 2.2 4.9 6.2

k-NN ↑
CLAP 54.4 57.9 51.8 59.0 89.0 53.3 61.4 71.5 57.3 61.7
OpenSMILE 49.7 51.3 47.1 52.2 77.7 52.2 51.3 71.3 55.2 56.4
VGGish 53.2 53.9 50.3 56.8 81.6 51.3 61.3 53.9 47.3 56.6
AudioMAE 52.4 56.5 48.4 52.2 89.5 51.6 58.0 58.7 53.1 57.8
OCT 48.7 60.9 55.2 71.0 62.7 65.8 75.9 66.6 55.4 62.5
OCE 49.3 53.8 51.7 60.6 67.4 56.2 72.1 65.8 57.4 59.3
OGT 51.3 55.6 50.9 60.7 66.0 57.1 68.5 59.4 49.0 57.6
OCT† 48.6 59.3 56.7 68.8 74.4 61.5 72.9 57.0 52.4 61.3
OCE† 48.9 56.2 50.0 62.1 73.3 57.5 67.6 57.1 54.7 58.6
OGT† 50.1 56.5 52.3 61.4 68.3 56.1 72.4 58.3 53.8 58.8

REACH (Ours) 55.5 62.4 52.4 67.2 90.1 64.4 77.0 56.9 60.6 65.2
∆ 5.6 5.9 0.1 5.8 21.8 8.3 6.4 −1.4 6.8 6.4

Zero Shot ↑
CLAP 52.4 62.6 43.6 63.4 51.8 48.6 61.5 31.3 47.5 51.4
Qwen2 Audio 7B 52.0 55.0 47.8 63.1 75.0 46.7 56.8 46.9 51.2 54.9
Flamingo 3 48.7 53.7 51.1 68.9 25.8 53.4 71.8 42.9 65.1 53.5

REACH (Ours) 58.7 61.5 51.3 67.1 76.7 67.4 65.0 52.0 52.1 61.3

framework not only recovers this loss but also surpasses the full
corpus baseline, reaching a 71.6 mean AUC (+6.2 over OGT†,
+3.9 over the original OGT). Gains span all tasks in compari-
son with OGT†, with the largest improvements on T5 (+15.7),
T7 (+8.5), T4 (+8.1), and T1 (+7.6). This indicates that the se-
mantic anchors introduced during alignment provide a comple-
mentary training signal that enriches acoustic representations
beyond what additional audio data alone achieves.

Contrastive alignment reorganizes the audio manifold into
clinical clusters. The kNN protocol measures embedding ge-
ometry without learned classification parameters. Our method
achieves a 65.2 mean AUC, outperforming all baselines, includ-
ing OGT† (58.8) by 6.4 points. The strongest gain appears on
T5 (COPD/Healthy: 90.1 vs. 68.3), where medical text anchors
provide the semantic scaffolding to separate pathological from
healthy lung sounds. The only regression is T8 (−1.4), which
we attribute to its small sample size (234 samples), insufficient
to form stable neighborhoods in the projected space.

Targeted medical alignment outperforms both general-
purpose and large-scale models at zero-shot inference. The
zero-shot setting is the centerpiece of our evaluation: the model
must classify audio solely via cosine similarity to text anchors,
with no labeled data. OPERA baselines [11] cannot operate
here due to their unimodal nature. Our method achieves 61.3%
mean AUC, substantially exceeding CLAP (51.4%) and Qwen2
Audio 7B (54.9%). CLAP’s failure despite being designed for
zero-shot audio classification confirms that general-purpose text
grounding is insufficient for clinical domains. That a 7B param-
eter generative model also falls short demonstrates that scale
alone cannot substitute for domain-specific semantic alignment.
Among individual tasks, strong results on T6 (67.4%) and T5

Table 3: Ablation results (mean % AUC across 9 tasks).

Configuration Lin. Probe ↑ k-NN ↑ Zero Shot ↑

Audio Encoder from Scratch 66.0 58.8 55.1
Random Negatives 70.6 63.9 53.5
No LMSE 71.1 62.8 54.1
Frozen Audio Backbone 66.9 58.5 48.8
BERT Text Encoder 65.1 59.6 49.9
Negative Sampling K=100 69.9 61.1 54.2

REACH (Ours) 71.6 65.2 61.3

(76.7%) reflect pathologies with distinct auscultatory signa-
tures that map well to clinical descriptions. Performance on T3
(51.3%) and T9 (52.1%) remains near chance, reflecting the dif-
ficulty of distinguishing subtle cough variations (T3) and grad-
ing severity across five classes from text alone (T9).

4.1. Ablation Studies

Table 3 isolates each component’s contribution. A consis-
tent pattern emerges: several ablations maintain linear prob-
ing while severely degrading zero-shot AUC, indicating the re-
moved component is essential for cross-modal alignment, not
unimodal feature quality.

Training the audio encoder from scratch yields near-random
zero-shot AUC (55.1) despite adequate linear probing (66.0),
confirming that alignment requires an established acoustic man-
ifold to reorganize. Replacing FAISS-based distant negatives
with random in-batch sampling preserves linear probing (70.6)
but collapses zero-shot AUC to 53.5, as clinical reports for re-
lated pathologies are near-paraphrases that only distant nega-
tives can disambiguate. Removing LMSE produces the most
revealing dissociation: a 7.2-point zero-shot drop (54.1) with
a only 0.5-point linear probing decrease, showing that with-
out reconstruction regularization, the contrastive objective dis-
torts pre-trained geometry into a space no longer coherent for
text anchor mapping. Freezing the audio backbone and training
only projection heads yields the weakest zero-shot AUC (48.8),
confirming that partial encoder adaptation is necessary. Sub-
stituting MedSigLIP with BERT drops zero-shot AUC by 11.4
points (49.9%), confirming general-purpose text encoders lack
clinical grounding for effective alignment. Increasing negative
sampling to K=100 also degrades zero-shot AUC (54.2%), in-
dicating similar negatives fail to provide clear boundaries be-
tween unrelated pathologies.

5. Conclusion
We introduced REACH, a framework for aligning pre-trained
respiratory audio encoders with clinical text representations, en-
abling zero-shot classification without paired audio-report data.
Our results suggest that the primary barrier to zero-shot respira-
tory diagnostics is not acoustic representation quality, which ex-
isting self-supervised encoders already capture well, but rather
their disconnection from clinical semantics. By treating an off-
the-shelf LLM as a metadata-to-report translator, even discrete
categorical annotations can be elevated into rich linguistic an-
chors sufficient for contrastive alignment. Most notably, our
framework surpasses baselines trained on 57% more data and
models with orders-of-magnitude more parameters, suggesting
that targeted semantic bridging of mature unimodal models is
a more sample-efficient paradigm than scaling pre-training or
building multimodal architectures from scratch. We believe this
principle generalizes beyond respiratory audio: any clinical do-
main with capable unimodal encoders and structured metadata
is a candidate for the same alignment strategy.
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