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Abstract
A real clinical diagnosis is a multi-label problem. A patient often has several findings simultaneously, and
these findings are only partly correlated. Existing fusion mechanisms were designed for a single output.
They decide modality importance once per sample or once per dataset; therefore, one weighting policy
must serve every label at once. We propose a label-adaptive gating (LAG). The LAG maintains one
learned query vector per label and allows it to cross-attend over the stacked modality embeddings.
Therefore, modality importance is determined separately for each label, learned end-to-end, with no
anchor modality to nominate. We compared LAG with five representative baselines: feature
concatenation, learned scalar gating, confidence-gated cross-attention, confidence-gated transformer
encoder, and hypernetwork-generated classifier weights, plus per-modality unimodal models. Every
model used the same encoder capacity, hyperparameters, and training protocol on three independent
multi-label clinical datasets: Symile-MIMIC, HAIM-MIMIC-MM, and eICU-CRD, with 6, 14, and 8 labels,
respectively. Over four seeds per mechanism per dataset, with patient-level re-splitting, LAG obtained the
best average rank (1.33 of 6) and the smallest average gap to each dataset's best mechanism (− 0.0005
macro-AUROC). It wins on two of the three datasets. On eICU, it is second to scalar gating by a small
margin, but that margin holds at every seed. The LAG alone reports the contribution of each modality to
each label. These attributions appear clinically sensible when a label has sufficient data and collapse to
a uniform average when it does not.

1. Introduction
Electronic health records (EHR) routinely contain a rich mixture of data. These include structured
measurements (laboratory values, vital signs, and demographics), unstructured text (clinical notes and
radiology reports), and medical images (chest radiographs, CT scans, and ECG signals). Multimodal
fusion is the problem of combining these sources into one predictive representation, and it has become
a central topic in medical machine learning research. A large toolbox now exists, from simple
concatenation to attention, feature-wise conditioning, and hypernetwork-generated parameters
(reviewed in Section 2.1).

Sleeman et al. [1] and Al-Zoghby et al. [2] both note that the field still lacks consistent cross-study
comparison. Therefore, practitioners select a fusion mechanism by reading one paper's leaderboard, on
one dataset, and one task. However, the toolbox does not contain a fusion operator built for the output
structure that clinical diagnosis actually has. Each of the above mechanisms determines modality
importance either globally, once for the dataset, or locally, once per sample. None of the participants
decided on a diagnosis.

This practice has a specific failure mode that is frequently overlooked. Most published multimodal
fusion benchmarks in clinical machine learning focus on evaluating a single binary or risk-score target,
such as in-hospital mortality, a single CheXpert finding, or a single risk level. However, the differential
diagnosis is more complex.
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A patient in an ICU may have several concurrent findings that are only partially related, such as
pulmonary edema, cardiomegaly, and pleural effusion on the same chest radiograph, along with
cardiovascular, renal, and infectious issues during the same admission. Multi-label prediction is the
correct approach for real diagnostic support. It also changes the requirements for a fusion mechanism,
as one fused representation must now support several labels with different modality dependencies.

This per-label variation is not a conjecture. Hayat et al. [3] reported that partitioning 25 phenotype labels
by acuity and adding chest radiographs to the EHR stream increased the AUROC from 0.749 to 0.800 for
mixed conditions and from 0.717 to 0.745 for chronic conditions, whereas acute conditions barely
moved.

Therefore, the usefulness of a modality is a property of the individual label, not the dataset. In that study,
as in the fusion literature, the finding was measured after training a model that had no way of
representing it. Our starting point was to make that quantity a parameter of the architecture instead of a
diagnostic applied to it.

We propose label-adaptive gating (LAG), a fusion mechanism built for this requirement. The LAG uses L
learned query vectors, one per label, and each of them cross-attends over the stacked modality
embeddings. Therefore, the mixture of modalities used to predict a label is a separate learned quantity
that can be read directly from the attention row for that label.

No modality has to be nominated as an anchor beforehand, and no label has to share its modality
preference with any other label. The design commitment was deliberately narrow. LAG changes only the
granularity at which modality importance is determined, from per-dataset or per-sample to per-label. The
encoders, loss, and classifier head were left untouched; therefore, any gain we measure comes from that
change in granularity and not from the added capacity. The cost is the L × d parameter on top of one
cross-attention block (Section 3.1).

We validated the proposal against five representative baselines that span the main fusion families in the
literature: concat, gate, attention, transformer, and hyperfusion (Sections 3.2–3.6). We also trained the
per-modality unimodal models. Every model used the same encoder capacity, hyperparameters, and
training protocol on three independent clinical resources with genuine multi-label targets: Symile-MIMIC
[4] (six co-occurring CheXpert findings), HAIM-MIMIC-MM [5] (14 CheXpert findings), and eICU-CRD [6]
(eight organ-system diagnosis categories).

The three differ in modality composition, scale by two orders of magnitude, and label semantics. This
allows us to separate how well a mechanism generalizes from the rewards of any cohort. Section 4.1
and Table 1 provide the full specifications of the model.

Based on this, this study makes four contributions: one architectural and three empirical.

1. Label-adaptive gating (LAG), a fusion mechanism that learns the modality importance per label
rather than per sample or dataset, is formulated in Section 3.1. It requires no anchor-modality
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hyperparameter, adds only L query vectors over a standard cross-attention block, and is the direct
architectural realization of a per-label modality dependence that prior literature reports only post
hoc.

2. A matched experimental comparison of LAG against five baseline fusion mechanisms and per-
modality unimodal models on three independent, genuinely multi-label clinical datasets, under
identical encoder capacity, training protocol, and label-aware evaluation (macro-AUROC over all
labels, with per-label decision thresholds fitted on validation only, so that every reported comparison
is threshold-free).

3. A four-seed, three-dataset result in which the proposed mechanism obtains both the best average
rank (1.33 of 6) and the smallest average gap to each dataset's best mechanism (− 0.0005 macro-
AUROC), establishes LAG as the most reliable multi-label default among the mechanisms tested; the
same experiment places the confidence-gated transformer encoder last on all three datasets, and
last at every seed on the two large enough to resolve a per-seed ordering. Where LAG is not first —
eICU, against scalar gating — we report the per-seed margin rather than aggregating it away.

4. A direct inspection of LAG's learned per-label attention matrix, reporting the numeric weights and
reading them against clinical expectations, establishes when the mechanism's per-label attribution
is informative and when it collapses to uniform, rather than assuming that interpretability follows
from architecture.

2. Related work
Multimodal fusion for clinical prediction has produced a rich inventory of mechanisms. Almost all of the
inventories were designed and validated against a single output: one diagnosis, one outcome, or one
mutually exclusive class. This section positions the proposed mechanism against the three literatures it
inherits from: fusion architectures, clinical multimodal applications, and surveys that organize them. In
each case, the granularity at which the modality importance is resolved stops one level short of the label.
Section 2.3 then states what is new and what is inherited in LAG.

2.1 Multimodal fusion architectures
Early fusion concatenates the modality features before the joint classifier. Intermediate fusion learns
modality-specific encoders and combines them at various depths, as in the multi-scale expert-gated
fusion of computed tomography (CT) and MRI images [7]. Attention-based fusion followed the
transformer [8], and cross-modal attention allows one modality to selectively attend to another. It has
been applied to medical image analysis, for instance, to fuse deep retinal features with graph-based
vascular descriptors for diabetic retinopathy detection [9], and to unify clinical representation learning.

IRENE [10] processes radiographs, chief complaints, and labs with intra- and intermodal attention. MeTra
[11] fuses radiographs with clinical parameters for ICU survival, achieving AUROC 0.863 against 0.811
for images alone.
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FiLM-style conditioning [12] and expert-gated fusion [7] allow one part of a network to modulate the
other. Tensor fusion [13, 14] models cross-modal interactions multiplicatively. Mixture-of-experts [15]
and hypernetworks [16] generate parameters conditioned on the input, with the latter motivating the
hyperfusion baseline. The output of all these mechanisms is a single prediction head. Therefore, their
gating weights, attention maps, and generated parameters are learned to serve one decision at a time.
The LAG inherits its operator from this family. What changes is the query: not a modality, token, or
sample, but a label.

2.2 Clinical multimodal learning and the single-label
default
Clinical multimodal work is anchored on the MIMIC-CXR-JPG [17], CheXpert labeler [18], and MIMIC-IV
[19]. Its usual target is a single outcome, such as in-hospital mortality, length of stay, or mutually
exclusive subtypes. The reported ranking of fusion mechanisms is therefore a ranking obtained under
single-label conditions, and it has largely been assumed to be transferable. MedFuse [3] is a partial
exception.

It targets both mortality and 25-label phenotyping with an LSTM fusion module that tolerates missing
modalities; however, it reports one design for both tasks. It does not ask whether the label structure
changes, which design is preferable. HAIM [20] and eICU-CRD [21] supply pre-extracted modality
embeddings and a large multi-center ICU cohort. Both are almost always used one dataset at a time;
therefore, a mechanism that wins on a given cohort cannot be distinguished from one that wins in
general.

Recent clinical studies have confirmed that adding a modality and conditioning mechanism are
separable sources of gain. MDLA [22] predicts breast cancer molecular subtypes from paired
mammography and ultrasound images. Fusion increased the four-class Matthews correlation coefficient
from 0.681 and 0.729 to 0.765, and a channel-and-spatial attention block increased it further to 0.794.
Therefore, the mechanism increment is approximately the same as the modality increment. It is also
obtained on four mutually exclusive subtypes; therefore, the fusion step never has to reconcile
competing modality preferences among labels that are positive at once.

MedFuse [3] reaches 0.770 AUROC on 25-label phenotyping, ahead of the modulation-based baselines
MMTM [23] at 0.734 and DAFT [24] at 0.737 AUROC. Its more informative result is the per-label
breakdown quoted in Section 1: modality usefulness is a property of an individual label. A per-label gate
can represent that; a shared sample-level gate cannot.

The single-label default persists in newer works. Sepsis onset from EHR and clinical notes across more
than 50,000 ICU admissions [25], liver cancer detection from MRI and CT [26], and reliability-aware fuzzy
fusion for ear disease classification [27] were each carefully designed and resolved to one mutually
exclusive target.

2.3 Positioning of Label-Adaptive Gating
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Zhao et al. [28] argued that the conventional early/intermediate/late taxonomy no longer fits
architectures in which representation learning and fusion are interlaced rather than being separable.
They proposed a mechanism-first taxonomy instead: encoder–decoder, attention, graph, generative, and
constraint-based methods. We adopt that view. The mechanisms compared here differ in how modality
representations are combined and conditioned, not in the depth at which the combination occurs.

We also note that the label structure does not appear in the taxonomy. Two of the survey's conclusions
directly impact our design. First, no family dominates across tasks; therefore, mechanism selection
demands task-specific consideration. This conclusion is drawn across heterogeneous tasks, modality
pairs, and training regimes, and our matched comparison retests it with the task, encoder capacity, and
protocol held fixed, varying only the fusion mechanism. Second, the survey names adaptive fusion as an
open direction, meaning that models learn how much each modality matters instead of assuming that all
contribute equally. Label-adaptive gating takes this direction one level finer. It learns the modality
importance per label rather than per sample or dataset. This is the natural granularity once the target is
multi-label, and the survey does not consider it because the works it reviews have a single label to
condition on.

Two key points emerge from this analysis. First, mechanism development is naturally single-label,
meaning that any conclusions about behavior in a multi-label setting are speculative and not based on
direct evidence. Additionally, when multi-label clinical data are available, they usually involve a single
design applied to a specific group, with baseline metrics taken from different studies that vary in encoder
capabilities and tuning resources. This results in a combination of architectural and implementation
effects. Our approach tackles the first issue by turning MedFuse's post-hoc observation into a planned
architectural strategy, which is integrated and learned throughout the process, instead of being assessed
afterward.

Our experimental design addresses the second issue: the proposed mechanism and five baselines are
compared under one implementation and one protocol, on one multi-label target, across three
independent datasets. We want to be precise about novelty. The operator is a standard cross-attention
block [8, 10, 11]. Learning, rather than fixing modality importance, is shared with expert-gated fusion [7],
FiLM-style conditioning [12], and DAFT [24]. Label-wise query vectors have precedent in multi-label text
classification [29] and ICD coding from clinical text [30], where per-label attention over tokens is an
established method.

This approach is novel because of its integration of queries as labels, with keys and values representing
modalities. Consequently, the learned quantity forms a per-label distribution across modalities that is not
parameterized by any clinical fusion mechanism.

3. Proposed mechanism and baseline fusion architectures
The proposed mechanism and all five baselines share the same entry point, so the fusion step is the only
thing that varies. Each dataset supplies a fixed set of modality-specific encoders, and each encoder
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produces an embedding vector of the same width. The mechanisms below differ only in what they do
with that set of vectors before the classifier head observes them. Symile-MIMIC uses raw inputs and
trains its encoders end-to-end (1D-CNN for ECG, DenseNet121 for CXR, and MLP for labs).

HAIM and eICU use frozen pre-extracted embeddings behind matched 2-layer MLP adapters. In every
case, the fusion mechanism receives M vectors of width d = 512; thus, no mechanism gains an
advantage from a wider or deeper encoder. The proposed mechanism is presented first (Section 3.1).
The five baselines against which it is tested are described in Sections 3.2–3.6, ordered by increasing
structural complexity of the fusion step, and Section 3.7 lists the training settings shared by all of them.

3.1 Proposed mechanism: LAG (Label-Adaptive Gating)
Formulation. Let the M per-modality embeddings of a sample be  (d = 512), stacked
row-wise into , which serves as both the keys and values. The mechanism introduces a
single new parameter block: L learned query vectors , one per label (L = 6/14/8 for
Symile-MIMIC/HAIM/eICU), initialized from N(0, 0.02²). For each label ℓ independently, scaled dot-

product attention over the modality axis gives , and the

label-specific context is , with an attention dropout of 0.1.

Each context vector feeds a classifier head to produce the label logit, and the model is trained with the
same masked, per-label weighted BCE loss as every baseline. Because aℓ is a probability distribution

over modalities computed separately for every ℓ, the L × M matrix  is the
mechanism's explicit statement of the modality it uses for which label.

Design rationale. Two properties follow from this construction: First, the weighting policy is per label and
not per the sample. The sample-level gate of Section 3.3 must commit to one modality mixture that
serves every label at once; therefore, a dataset in which the chest film decides one finding and the
laboratory panel decides another forces it into a compromise. The LAG has no such constraint because
each query row is free to converge on its own mixture.

Second, there is no anchor modality in the proposed method. The cross-attention baselines in Sections
3.4 and 3.5 require one modality to be nominated as the query source, which is a dataset-specific choice
that must be made before training and re-made whenever the modality set changes. LAG removes that
choice because the queries come from the label set, which the task has already defined. This also
removes a judgment call made before training, which is usually left undocumented in the literature.

Cost. The added parameter count was L × d, which was 3,072 on Symile-MIMIC, 7,168 on HAIM, and
4,096 on eICU. On top of that, one standard cross-attention block is shared across labels. Therefore, LAG
is among the cheapest mechanisms tested and is far cheaper than the transformer encoder (Section
3.5) or hypernetwork (Section 3.6). It computes scales linearly in the label count, and the attention is
over M modality slots rather than over a token sequence, so M stays at three in all three datasets here.

e1, … , em ∈ Rd

E ∈ R
M× d

q1, … , qL ∈ R
d

al = softmax(ql (EWK) �/√d) ∈ Δ M−1

cl = al (EWV )

A = [a1; … ; aL]
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Interpretability and how we test it. Averaging the attention row for label ℓ over a test set provides a
direct per-label attribution over modalities. It is read off the trained model itself and is not produced by a
post-hoc attribution method. We do not treat this as guaranteed by the architecture. Section 5.3 inspects
the learned matrix on all three datasets and reports where it recovers a clinically sensible structure and
where it collapses to a uniform average.

3.2 Baseline: Concat
The simplest possible baseline: the per-modality embeddings are concatenated into one long vector and
passed to an MLP classifier. No modality is weighted, and no interaction is modelled beyond what the
head can learn from the joint vector. Concat was included because it is the honest floor of the
comparison.

It has no fusion-specific parameters; therefore, any mechanism that fails to beat it does not earn its
added complexity. It also has a property that more elaborate mechanisms lack: because it never
discards or down-weights a modality, it cannot be misled by a poor weighting decision. This directly
affects the HAIM results in Section 5.2, where concat remains competitive for this reason.

3.3 Baseline: Gate
A single shared gating network reads all the modality embeddings and produces one scalar weight per
modality. The weights are normalized, applied to the embeddings, and the weighted sum is passed to the
classifier. Gate is the minimal adaptive mechanism: it can learn that one modality is generally more
informative than another and can vary that judgment from sample to sample.

However, it cannot vary from label to label because there is a single gate vector for the entire output
layer. The network is forced to answer one question, namely which modality matters for this patient,
when the task actually asks a different question: which modality matters for this label, for this patient.
This per-label flexibility is exactly what the proposed mechanism (Section 3.1) adds, and it is the main
structural axis on which the two differ.

3.4 Baseline: Attention (confidence-gated cross-attention)
Unlike the gate and LAG, this mechanism requires one modality to be nominated as the anchor, and the
anchor differs by dataset (CXR for Symile-MIMIC and HAIM; chart events for eICU). The anchor
embedding forms the query, and the two non-anchor modalities form the key and value.

A confidence gate scales each non-anchor contribution before the attention output is added to the
anchor. The mechanism is expressive, but the anchor choice is a dataset-specific hyperparameter that
must be set before training. If the anchor is incorrect for a given label, no attention weight can repair it
because the label prediction is still built on the anchor representation.
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3.5 Baseline: Transformer (confidence-gated transformer
encoder)
Structurally close to attention, with the same anchor nomination, but the fused modality set is treated as
a token sequence and passed through a full transformer encoder block (multi-head self-attention, feed-
forward network, residual connections, and layer normalization). The intent is to allow modalities to
interact more richly than a single cross-attention pass allows.

In practice, this is the largest fusion module in the comparison. It has the most parameters of any
mechanism tested apart from hyperfusion, and its behavior (Section 5) is the clearest illustration in this
paper that more capacity is not a free upgrade when the training set is small and the target is multi-label.

3.6 Baseline: Hyperfusion (hypernetwork-generated
classifier)
The same anchor nomination and cross-modal confidence gate as in Sections 3.4 and 3.5 produce a
fused context vector z = [e_anchor; g_B·e_B; g_C·e_C], which an MLP projects to a compact conditioning
code. A hypernetwork then maps that code to the weights and biases of the final classifier layer, such
that the classifier itself is generated per sample rather than learned once.

This is the most parameter-heavy mechanism in this study. It is included because hypernetworks [16] are
a recurring proposal for input-conditioned fusion and because it tests the opposite end of the design
space from LAG: conditioning the classifier on the sample rather than conditioning the modality mixture
on the label.

3.7 Shared training configuration
All models: embed_dim = 512, hidden_dim = 1024, dropout = 0.3, AdamW, linear warmup into
ReduceLROnPlateau, gradient clipping, masked weighted BCE loss, minimum-delta early stopping on
validation macro-AUROC (to prevent small-validation-set noise from triggering premature stopping), fixed
seed with deterministic=True. Identical hyperparameters (aside from dataset-specific
batch_size/max_pos_weight, set once from the measured class imbalance) were used for all six
mechanisms within each dataset.

4. Experimental setup and reproducibility

4.1 Datasets and multi-label targets
All three datasets are publicly available secondary data hosted by the PhysioNet repository: Symile-
MIMIC v1.0.0 (https://physionet.org/content/symile-mimic/1.0.0/) [4], HAIM multimodal dataset v1.0.1
(https://physionet.org/content/haim-multimodal/1.0.1/) [5], and eICU Collaborative Research Database
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v2.0 (https://physionet.org/content/eicu-crd/2.0/) [6]. Access to the database requires PhysioNet
credentialing. Full access details are provided in the Data Availability Statement. Table 1 summarizes the
modality composition, scale, and multi-label targets of each of the three datasets used in this study.

Table 1
Overview of the three datasets and their multi-label targets.

Modalities Symile-MIMIC HAIM eICU-CRD

ECG (raw waveform,
1D-CNN encoder),
CXR (raw image,
DenseNet121
encoder), Labs
(tabular, MLP
encoder)

CXR image embedding
(1024-d),
radiology/clinical report
text embedding (2304-d),
chart + lab event
embedding (1024-d)

chart-event embedding,
lab-event embedding,
clinical-note embedding

Modality
representation

raw, encoded end-to-
end

pre-extracted, frozen pre-extracted, frozen

Train / test size 10,000 / 750 patients ~ 1,034 / 222 patients ~ 97,500 / ~20,900
patients

Multi-label
target

6 CheXpert findings:
No Finding,
Cardiomegaly, Lung
Opacity, Edema,
Atelectasis, Pleural
Effusion

14 CheXpert findings 8 diagnosis-category
flags: cardiovascular,
pulmonary, neurologic,
renal, gastrointestinal,
endocrine, infectious,
hematology

Label
correlation
structure

imaging findings, co-
occur on the same
CXR

imaging findings, co-occur
on the same CXR

organ-system diagnoses,
co-occur in the same ICU
stay

4.2 Training and evaluation protocol
For the two pre-extracted embedding datasets (HAIM and eICU), each modality was passed through a
matched 2-layer MLP adapter (Linear → LayerNorm → ReLU → Dropout → Linear → LayerNorm,
embed_dim = 512). The adapter size was selected to match the established encoder capacity for each
dataset rather than over- or under-provisioning either. Patient-level stratified splitting was used
throughout, not row-level, to prevent data leakage. The eICU, in particular, needs a patient_id split key
that is distinct from its per-stay row identifier because some patients have several ICU stays with
different diagnosis category outcomes.

Positive-class imbalance is handled with a masked, per-label weighted BCE loss, with pos_weight
capped from the measured per-label imbalance of each dataset. Per-label decision thresholds were
chosen by an F1-optimal grid search on the validation split only, never on the test split.

Every multi-label result reported below is obtained from four seeds (42, 43, 44, and 45) per mechanism
per dataset. Each seed re-seeds model initialization, data shuffling, dropout, and, for HAIM and eICU, the
patient-level stratified split. Everything else was fixed: encoder capacity, optimizer, schedule, loss
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weighting, thresholding, and metrics. The reported numbers are means over the four runs, with standard
deviations, and per-seed values are maintained so that paired differences can be inspected directly.

Under a fixed seed, the results were exactly reproducible on our own hardware; however, we do not claim
bit-identical reproducibility in general: cuDNN kernel selection and non-deterministic GPU reductions can
change the low-order digits on other setups. The claims in this paper are built to survive this. We report
four-seed means with standard deviations, and where two mechanisms are close, we report the per-seed
paired difference instead of the aggregate. The 54 additional training runs behind these numbers were
executed under one script and one configuration file; therefore, the comparison itself does not depend
on run-to-run bit equality.

5. Experimental results: LAG versus baseline fusion mechanisms
This section reports the four-seed experiments described above. Section 5.1 provides the per-dataset
means, Section 5.2 aggregates them into a cross-dataset ranking, and Section 5.3 inspects what LAG's
per-label attention actually learned.

5.1 Four-seed means by dataset
Each mechanism was trained under four seeds (42/43/44/45; Section 4.2) on each of the three datasets,
and all statistics were computed from those runs.

Table 2
Four-seed mean ± standard deviation, macro-AUROC, by dataset and mechanism. The final row

repeats the best single-modality baseline from Table 1
LAG Symile-MIMIC HAIM eICU

0.7339 ± 0.0049 0.7118 ± 0.0163 0.8799 ± 0.0020

Gate 0.7337 ± 0.0049 0.6998 ± 0.0212 0.8815 ± 0.0019

Hyperfusion 0.7319 ± 0.0019 0.6873 ± 0.0338 0.8758 ± 0.0031

Attention 0.7299 ± 0.0072 0.7038 ± 0.0205 0.8760 ± 0.0026

Concat 0.7293 ± 0.0127 0.7103 ± 0.0156 0.8790 ± 0.0018

Transformer 0.7153 ± 0.0037 (worst) 0.6493 ± 0.0507 (worst) 0.8668 ± 0.0017 (worst)

best unimodal cxr 0.7334 nlp 0.6678 nlp 0.8600

Three aspects immediately stand out. First, in HAIM, the standard deviation of every mechanism (0.005
to 0.05) is as large as or larger than the gaps between mechanisms. The five non-transformer means
span only 0.6873 to 0.7118, a range of 0.023 that a single run on ~ 1,034 patients could not resolve. Only
the transformer's mean sits clearly below the pack, so HAIM separates the transformer from the rest but
does not reliably order the other five.
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Second, the two larger datasets exhibited different behaviors. On Symile-MIMIC and eICU, the standard
deviations fell to 0.002 to 0.013, and LAG and gate were separated from the rest by margins that held at
every seed. Third, the unimodal reference points in Table 2 bound the actual worth of fusion for each
dataset. On HAIM, the best single modality reached 0.6678 against LAG's 0.7118, a gain of 0.0440.

On eICU, it reached 0.8600 against gate's 0.8815, a gain of 0.0215. Both gains are an order of magnitude
larger than the corresponding seed standard deviations. On Symile-MIMIC, the best single modality
(CXR) already reached 0.7334 against 0.7339 for LAG. This difference of 0.0005 sits well inside LAG's
own seed standard deviation of 0.0049, and transformer, at 0.7153, falls below the unimodal baseline
outright. Symile-MIMIC therefore orders the six mechanisms without showing that any of them earns
multimodal complexity. The ranking is a comparison among fusion mechanisms, not evidence that
fusion helps.

5.2 Cross-dataset ranking
Aggregating the four-seed means across datasets by average rank and average gap to each dataset's
best mechanism:

Table 3
Cross-dataset ranking summary, four-seed means.

Model Avg. rank (1 = best) Avg. gap to that dataset's best

LAG 1.33 −0.0005

Gate 2.33 −0.0041

Concat 3.33 −0.0029

Attention 3.67 −0.0058

Hyperfusion 4.33 −0.0107

Transformer 6.00 −0.0319

The proposed mechanism, LAG, has the best average rank and the smallest average gap to the best of
the six mechanisms compared. It wins or ties for first on two of three datasets (Symile-MIMIC and
HAIM) and places a close second on eICU. The paired per-seed differences against the gate on eICU are
0.0013, 0.0023, 0.0022, and 0.0006; thus, the gate leads by a small margin that is nevertheless
consistent at every seed.

The eICU is also the only dataset large enough, at ~ 97,500 patients, for an average difference of 0.0016
AUROC to be a real signal rather than noise. transformer is the only mechanism whose rank is entirely
insensitive to seed choice: 6.00, last on all three datasets, and last at every one of the four seeds on
Symile-MIMIC and eICU.

5.3 Does LAG's attention differentiate by label?
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Averaging LAG's learned attention matrix A[label, modality] over each dataset's full test set:

eICU (eight labels): Real and clinically sensible differentiation.

The labels dx_renal and dx_hematology are the two diagnostic categories most directly established by
laboratory values: creatinine and BUN for renal function and CBC and coagulation panels for
hematologic disease. They are also the only two labels where LAG shifts attention toward the lab
modality, relative to every other label. This routing was not supervised. This emerges purely from the
multi-label training objective.

Table 4
LAG's learned attention weights by label, eICU (eight labels).
Label chart lab nlp Argmax

dx_cardiovascular 0.293 0.271 0.436 nlp

dx_pulmonary 0.296 0.311 0.392 nlp

dx_neurologic 0.277 0.289 0.434 nlp

dx_renal 0.272 0.367 0.361 lab

dx_gastrointestinal 0.281 0.313 0.406 nlp

dx_endocrine 0.271 0.349 0.380 nlp

dx_infectious 0.284 0.314 0.403 nlp

dx_hematology 0.282 0.361 0.357 lab

Symile-MIMIC (six labels): real but modest differentiation, correctly CXR-anchored.

All six labels correctly attended to CXR most, and the degree scales sensibly with how radiographically
distinctive each finding is. Edema and Pleural Effusion are large and visually unambiguous, and they pull
CXR attention to 0.38 and 0.39, respectively. No Finding and Lung Opacity are subtler, and they remain
near 0.34.
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Table 5
LAG's learned attention weights by label, Symile-MIMIC

(six labels).
Label ecg cxr labs Argmax

No Finding 0.326 0.341 0.334 cxr

Cardiomegaly 0.325 0.348 0.326 cxr

Lung Opacity 0.328 0.341 0.331 cxr

Edema 0.304 0.382 0.314 cxr

Atelectasis 0.312 0.370 0.318 cxr

Pleural Effusion 0.301 0.390 0.309 cxr

HAIM (14 labels): a null result, where the attention collapses to uniform.

Across all 14 labels, LAG's attention remained within 0.327 to 0.344 for every modality, with a standard
deviation of approximately 0.002 to 0.005 per modality across labels. This is functionally
indistinguishable from an unweighted average. With only ~ 1,034 training patients spread across 14
labels, there is apparently not enough per-label signal for the 14 query vectors to learn anything beyond
the shared label-agnostic average. On this particular seed, raw accuracy placed concat above LAG on
HAIM (Section 5.1).

The four-seed mean (Section 5.2) places LAG fractionally above concat in this dataset. The finding
should therefore be read as "LAG's interpretability did not pay off in this run,” not as "LAG lost to a
simpler, unweighted-average mechanism,” because the second claim did not survive the correction in
Section 5.2. However, interpretability collapse remains a concern for this run. Interpretability, like raw
accuracy, is evidently data-hungry, and does not come for free from the architecture. Whether it
collapses on every seed for a dataset of this size remains untested (Section 7).

6. Discussion and recommendations
Before choosing a fusion mechanism, check that fusion beats the strongest single modality on your own
dataset. This is a different question from ranking, and our three datasets do not answer it in the same
way. Fusion cleared the best unimodal baseline by 0.0440 macro-AUROC on HAIM and 0.0215 on eICU,
but only by 0.0005 on Symile-MIMIC. In that dataset, the margin was smaller than LAG's own seed
standard deviation, and the transformer performed worse than the CXR encoder used alone (Section
5.1). A mechanism ranking is still meaningful there, but it ranks options, none of which has yet justified
its extra complexity. The reference point for the decision to fuse is the best unimodal model, not the best
fusion mechanism. It is also cheap to compute, so there is no reason to skip it.

For multi-label clinical diagnoses, we recommend the proposed mechanism as the default. Under the
four-seed means, LAG has the best average rank (1.33) and the smallest average gap to best (− 0.0005)
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among the six mechanisms (Section 5.2). It carries no anchor-modality hyperparameter to re-derive, its
added cost is L × d parameters (Section 3.1), and it is the only mechanism in the comparison that also
offers per-label attribution when there is sufficient data to support it (Section 5.3).

The honest boundary of this recommendation is the eICU. Gate leads there at every one of the four
seeds, on the one dataset large enough for a 0.0016 AUROC margin to be trustworthy (Section 5.2).
Therefore, we recommend LAG as the default and flag gate as a legitimate alternative worth measuring
on any new dataset. The two are close enough that dataset-specific measurements, not a fixed ranking
decided in advance, should make the final call. Where they are statistically tied, the per-label attribution
LAG provides a second reason to prefer it.

Avoid transformers as a multi-label default. This is the only recommendation in this paper that requires
no caveat. Under multi-label evaluation, it is the worst mechanism on every dataset tested, and on the
two datasets with variance tight enough to resolve it, at every one of the four seed runs (Section 5.2).
This is the most robust finding of this study.

Hyperfusion was treated as unresolved rather than ruled out and checked per dataset. hyperfusion
remains consistently mid-to-weak across all three datasets and all four seeds. This study does not
disqualify the use of HAIM-sized datasets, but it cannot be recommended or avoided based on a single
evaluation.

7. Limitations
The findings above come from one specific evaluation design, and that design bounds how far they
generalize to other designs. We list below the constraints a reader should consider before applying our
recommendations, ordered from the evaluation protocol to the datasets to the mechanism itself.

Four seeds bound the uncertainty only coarsely. We report means, standard deviations, and raw per-
seed paired differences (Sections 5.1 and 5.2) rather than a significance test because with n = 4, a t-
test would invite the false precision that this study argues against. The gate and LAG comparison on
eICU (Section 5.2) is the only one whose direction holds across all four seeds on a dataset large
enough (~ 97,500 patients) to trust. On Symile-MIMIC fusion, the best single modality is cleared by
only 0.0005 macro-AUROC (Section 5.1); thus, the conclusion rests on HAIM and eICU. All other
close comparisons should be read as unranked.

The datasets differ in more ways than we can separate them. HAIM and eICU use pre-extracted,
frozen embeddings, while Symile-MIMIC trains its ECG and CXR encoders end to end; therefore,
results may differ for architectures trained on raw inputs throughout. The targets also differ in terms
of label count, correlation structure, and dataset identity. Therefore, we cannot cleanly separate
“more labels hurt a mechanism” from “this specific dataset hurts a mechanism” for any per-dataset
pattern reported here, including HAIM’s collapse of LAG interpretability (Section 5.3).
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LAG’s attention interpretability of LAG (Section 5.3) was evaluated qualitatively on the seed-42
models only, not re-run across the additional three seeds, and not checked against a ground-truth
modality-relevance annotation (none exists for any of these three datasets). Whether HAIM’s
specific attention-collapse result would look different for other seeds is untested and, given HAIM’s
per-seed spread (Section 5.1), it should not be assumed to be stable.

These limitations do not change the mechanism ranking reported here, but they define its scope. The
results suggest a default choice for multi-label clinical fusion on datasets similar to the three tested
here, rather than a fixed order that is automatically applied to a new dataset.

8. Conclusion
This study proposes label-adaptive gating (LAG), a multimodal fusion mechanism that resolves modality
importance per label rather than per sample or dataset. It cross-attends one learned query vector per
label over the stacked modality embeddings, requires no anchor-modality hyperparameter, and adds L ×
d parameters (Section 3.1).

We tested the proposal against five representative fusion baselines and per-modality unimodal models,
holding the encoder capacity, training protocol, and evaluation fixed, on three independent and genuinely
multi-label clinical datasets. Under four-seed means, LAG obtained the best average rank (1.33 of 6) and
the smallest average gap to each dataset's best mechanism (− 0.0005 macro-AUROC) across the Symile-
MIMIC, HAIM, and eICU datasets. It is also the only mechanism that offers per-label modality attribution.
This attribution is genuine and clinically sensible when a label has sufficient training data, and we report
it honestly as an uninformative collapse when it does not (Section 5.3). Where the proposal does not win,
we say so: scalar gating leads on eICU at every seed, by a small margin, on the one dataset that is large
enough to resolve it (Section 5.2).

Among the baselines, one finding is unambiguous and low-variance: the confidence-gated transformer
encoder is the worst multi-label mechanism tested, last on all three datasets, and last at every seed on
the two large enough for a per-seed ordering.

One direction follows directly from these results: LAG's per-label queries are static, whereas the scalar
gate we compared against is conditioned on the sample. The eICU results show that the two
conditioning axes are not interchangeable; therefore, a mechanism that conditions both the label and the
sample is the natural next step. We excluded this design so that any observed effect could be attributed
to label granularity alone.
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Figure 1

LAG: One learned query vector per label cross-attends over the stacked modality embeddings, producing
a label-specific attended representation.
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Figure 2

Concat: Modality embeddings are concatenated and passed directly to an MLP classifier with no learned
inter-modality weighting.
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Figure 3

Gate: A single shared gating network produces one scalar weight per modality, which is applied
identically across every label.
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Figure 4

Attention: Confidence-gated cross-attention with one modality nominated in advance as the anchor
query.
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Figure 5

Transformer: The gated modality set is treated as a token sequence and passed through a 2-layer
transformer encoder.
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Figure 6

Hyperfusion: A hypernetwork generates the final classifier weights conditioned on the fused
representation, thereby producing a per-sample adaptive decision boundary.
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