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Abstract. Multi-view mammography benefits from complementary cran-
iocaudal and mediolateral oblique projections, yet differences in acqui-
sition quality and anatomical coverage often lead to conflicting diag-
nostic evidence between views. Most existing multi-view learning ap-
proaches address this variability through deterministic feature fusion, im-
plicitly assuming that disagreement can be resolved by stronger represen-
tations, an assumption that can yield brittle or overconfident predictions
in safety-critical screening settings. We present Conflict–Evidential Infer-
ence Network (CEI-Net), an uncertainty-aware framework that reframes
multi-view mammography classification as evidential reasoning under
disagreement. Rather than enforcing consensus at the feature level, CEI-
Net represents each view as a source of uncertain evidence and performs
fusion by selectively moderating class hypotheses that are unsupported
across views. This design allows disagreement to manifest as calibrated
uncertainty when appropriate while still enabling confident decisions
when reliable evidence is available from a single view. Empirical evalua-
tion of the CBIS-DDSM and VinDr-Mammo benchmarks shows that this
conflict-aware inference paradigm yields consistent improvements in dis-
crimination and calibration over deterministic fusion methods, without
adding auxiliary routing/quality networks. These findings suggest that
explicitly reasoning about disagreement, rather than absorbing it, is crit-
ical for robust and interpretable multi-view decision-making in clinical
screening. Our code is publicly available at https://github.com/rayhan-
ahmed91/CEI-Net.

Keywords: Multi-view mammography · Evidential deep learning · Conflict-
aware fusion · Uncertainty estimation · Medical image classification

1 Introduction

Multi-view learning is central to screening mammography, where craniocaudal
(CC) and mediolateral oblique (MLO) views provide complementary anatomical
and pathological evidence [1]. Early deep models exploited this complementarity
through feature concatenation or averaging, improving over single-view baselines
but implicitly assuming equal reliability across views [2, 3]. More structured fu-
sion strategies have since been introduced, including anatomical correspondence
⋆ Corresponding author: md.ahmed@ubc.ca
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modeling in DIVF-Net [4] and attention-based cross-view interaction with Trans-
former architectures [3, 17]. Despite these advances, most methods merge views
deterministically without modeling disagreement, risking overconfident predic-
tions under degraded or conflicting views.

Recent work has further explored state-space models (SSMs), such as Mamba [5],
for multi-view medical image classification due to their long-range modeling ca-
pacity and linear complexity. Methods such as XFMamba [6], Mammo-Mamba [8],
and BI-Mamba [7] combine global SSM-based modeling with local attention
or bidirectional view reasoning. In parallel, attention-based and context-aware
mammography models improve region localization and robustness to acquisition
variability [9, 10, 16, 18–20, 25]. However, these approaches primarily operate in
deterministic feature space, absorbing disagreement into fused representations
rather than separating reliable evidence from conflicting or uncertain evidence.
Related multi-view frameworks such as MV-HFMD [21] similarly improve clas-
sification through hybrid fusion and distillation, but do not provide an explicit
probabilistic mechanism for conflict-aware inference.

Evidential deep learning offers a principled way to represent predictive un-
certainty through Dirichlet distributions [11, 12]. Existing multi-view evidential
methods commonly aggregate view-level evidence using global Dempster–Shafer-
style fusion rules [13]. While effective for uncertainty aggregation, such meth-
ods treat conflict coarsely and do not capture class-conditional disagreement,
making it difficult to suppress evidence only for disputed diagnostic hypotheses.
Orthogonal vision–language pretraining methods improve representation robust-
ness through CLIP-style alignment [22–24], but they do not address uncertainty-
aware evidential fusion during inference.

Motivated by these limitations, we propose the CEI-Net, a unified eviden-
tial framework for multi-view mammography that explicitly models epistemic
uncertainty and inter-view disagreement. CEI-Net converts localized multi-view
visual cues into evidential belief states, aggregates token-level evidence into view-
specific Dirichlet distributions, and derives view reliability directly from predic-
tive uncertainty. Fusion is then performed in evidence space through reliability-
weighted, class-conditional conflict gating based on Jensen–Shannon divergence [15].
This allows CEI-Net to selectively attenuate disputed diagnostic hypotheses
while preserving confident agreement when views are consistent. To the best
of our knowledge, CEI-Net is the first multi-view mammography framework to
perform class-conditional, uncertainty-aware evidential fusion without auxiliary
routing or alignment networks, offering an interpretable alternative to existing
CNN, Transformer, and SSM-based fusion models.

2 Method

Problem Formulation and methodology overview. Screening mammogra-
phy relies on complementary CC and MLO views that may differ in diagnostic
reliability due to artifacts, incomplete coverage, and positioning variability, of-
ten yielding asymmetric or conflicting evidence across views. Given paired inputs



CEI-Net 3

(x(1), x(2)) and a binary label y ∈ {0, 1}, our objective is to infer a calibrated
belief state that represents both class probabilities and epistemic uncertainty
under inter-view disagreement. We adopt a Dirichlet evidential formulation in
which each view produces class evidence rather than a single deterministic prob-
ability vector. Our model encodes each view with a shared ConvNeXt back-
bone [14], refines the last-stage feature map with a lightweight residual refine-
ment module, extracts a compact set of salient regional tokens using attention-
guided and diversity-aware Top-M selection with foreground-constrained mask-
ing, and aggregates token evidence into a per-view Dirichlet distribution. We
further introduce a token-feedback refinement mechanism that scatters selected
token information back into the feature map to improve subsequent tokeniza-
tion. Finally, the two view-level Dirichlets are fused by Conflict-Aware Evidential
Opinion Pooling, which combines uncertainty-derived reliability weighting with
class-conditional conflict gating based on a Jensen-Shannon (JS) divergence de-
composition. During training, we optionally regularize the learned conflict gate
with a lightweight calibration term, without introducing any auxiliary routing
or quality-prediction network.

Fig. 1. Architecture overview of the proposed CEI-Net framework. CEI-Net performs
foreground-aware tokenization per view, converts tokens to Dirichlet evidence, and
fuses views via reliability-weighted, class-conditional conflict-gated opinion pooling to
produce calibrated predictions with uncertainty.

Per-View Encoding, Foreground-Aware Tokenization, and Eviden-
tial Aggregation. Each view x(v) is encoded by a shared ConvNeXt backbone
E , producing f (v) ∈ RC×H′×W ′

. A lightweight residual refinement module R
(channel recalibration + multi-scale depthwise context) yields f̂ (v) = R(f (v)).
To suppress background-dominated attention, we derive a foreground prior by
thresholding the de-normalized grayscale image to a binary mask m(v), resized
to (H ′,W ′); masking is applied only when foreground coverage exceeds ρ, with
logits filled by a large negative constant for stability.
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Tokenization uses attention-guided, diversity-aware Top-M selection. A 1×1
scorer ϕ produces logits a(v) and attention π(v). We form a candidate set from
the top-min(H ′W ′, κM) locations and enforce spatial diversity via farthest-point
sampling on grid coordinates, followed by foreground-constrained refill. Tokens
are T (v) = {t(v)m }Mm=1, t

(v)
m ∈ RC .

To stabilize extraction, token-feedback F scatters projected tokens back to
their indices, smooths the sparse map, and injects it into f̂ (v) via a gated resid-
ual update for a small fixed number of iterations (L=2). This parameter-light
reweighting reuses the same tensor and indices, introducing no new heads or
stages and preserving resolution and receptive field. Tokens are mapped to non-
negative evidence via a lightweight MLP with Softplus(·) and floor δ, aggregated
as e(v) =

∑
m e

(v)
m , yielding α(v) = e(v)+1. The Dirichlet mean p(v) and strength

S(v) are used for disagreement and reliability estimation.
Class-Conditional Cross-View Disagreement. To explicitly model con-

flicting evidence between mammographic views prior to fusion, we quantify dis-
agreement at the level of individual class hypotheses. Let p(1) and p(2) denote
the Dirichlet mean class probability vectors inferred from the two views. The
class-conditional JS disagreement for class k is defined as

JSk = 1
2

[
p
(1)
k log

p
(1)
k

mk
+ p

(2)
k log

p
(2)
k

mk

]
, m = 1

2

(
p(1) + p(2)

)
. (1)

The vector JS ∈ RK captures hypothesis-level conflict between views, and∑
k JSk recovers the scalar JS divergence between p(1) and p(2). When only

a single view is available, we set JSk = 0, so the available view receives unit
normalized weight and its evidential prediction is passed to inference without
conflict-induced attenuation.

Uncertainty-Derived Reliability Weighting. Because token-level aggre-
gation yields view-specific evidence of varying strength and coverage, we weight
each view’s contribution according to its evidential reliability. Let S(v) =

∑
j α

(v)
j

denote the Dirichlet strength of view v, from which epistemic uncertainty is given
by u(v) = K/S(v). We define a bounded reliability score as

r(v) =
1

1 + u(v)
=

S(v)

S(v) +K
, (2)

which increases monotonically with committed evidence and lies in (0, 1). When
a view-presence mask is available, we apply it directly at the reliability level by
setting r(v) ← r(v) I[view v present], ensuring that missing views contribute zero
weight. The normalized fusion weights are

w(v) =
r(v)

r(1) + r(2)
. (3)

Consequently, under asymmetric visibility, a high-strength view can dominate
the pooled evidence when its counterpart is weak or uncertain; the subsequent



CEI-Net 5

class-wise JS gate modulates only disputed pooled hypotheses rather than requir-
ing CC/MLO consensus. With only a single available view, fusion degenerates
to its Dirichlet estimate.

Conflict-Aware Evidential Opinion Pooling. We fuse directly in evi-
dence space using view reliability and class-conditional disagreement. Let e(v) =
α(v)−1 denote view-level evidence. Reliability-weighted pooling gives ẽ = w(1)e(1)+
w(2)e(2), followed by a class-wise conflict gate gk = exp(−γ JSk) with learnable
scalar γ > 0. The fused evidence is ek = gk ẽk and αk = ek + 1. Conflict is
applied only when both views are present; otherwise JS = 0 and fusion reduces
to single-view reliability weighting (or α = 1 if both are absent). Class-wise gat-
ing suppresses only disputed hypotheses, reducing total evidence, and increasing
epistemic uncertainty under strong disagreement. The gate is a scalar applied
to closed-form JS divergence and introduces no view-quality subnetworks, rout-
ing modules, or additional encoders. Fusion remains linear in evidence space
with element-wise gating, preserving parameter count and asymptotic complex-
ity relative to standard evidential pooling while improving calibration sensitivity
to inter-view conflict. Importantly, the conflict gate attenuates evidence strength
rather than directly forcing a benign prediction. When both views are reliable but
support opposing class hypotheses, the class-wise gate reduces only the disputed
pooled evidence and thereby decreases Dirichlet strength rather than biasing
the prediction toward benign. Therefore, severe CC–MLO disagreement pro-
duces lower Dirichlet strength and higher epistemic uncertainty, allowing such
cases to be treated as uncertain/high-risk rather than confidently negative.

Datasets and Evaluation Metrics. We evaluated CEI on two public
screening mammography benchmarks: CBIS-DDSM [26] and VinDr-Mammo [27].
For both datasets, paired CC and MLO views are constructed, discarding incom-
plete pairs. For CBIS-DDSM, following standard practice, we restrict evaluation
to mass cases and form CC/MLO pairs at the abnormality level by grouping
images by patient, laterality, and abnormality identifier. The task is binary clas-
sification of benign versus malignant masses. VinDr-Mammo is a large-scale full-
field digital mammography dataset; CC/MLO pairs are formed at the breast level
with binary labels derived using a BI-RADS threshold of ≥ 4. Duplicate images
within the same view are resolved by selecting the instance with the largest
foreground breast area after cropping, while preserving both CC and MLO for
fusion. We split each dataset into disjoint train and test partitions at the patient
or study level (80:20) to prevent identity leakage, and additionally carve out a
held-out validation subset from the training split (15%) for model selection and
calibration only. All images are preprocessed using dataset-specific breast crop-
ping and resized to 224×224. Performance is evaluated using Area Under the
Receiver Operating Characteristic curve (AUROC), while calibration is assessed
via Expected Calibration Error (ECE) and Negative Log-Likelihood (NLL). We
isolate uncertainty-aware modeling from post-hoc temperature scaling, which
is fitted on validation data and applied only at evaluation. Temperature scal-
ing is fitted only to validation predictions after training and is used solely for
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evaluation calibration, whereas CEI-Net uncertainty is produced intrinsically by
Dirichlet evidence strength and JS-modulated conflict gating.

Experimental Details. Experiments are implemented in PyTorch and con-
ducted on an NVIDIA RTX A6000 GPU with deterministic seeding. Views are
processed by a shared backbone, and top-M spatial tokens (M=8) are selected
per view. Token-level Dirichlet evidence is accumulated into a view-level Dirich-
let, and the resulting view distributions are fused using CEI. Training minimizes
an evidential cross-entropy loss with KL regularization to a uniform Dirichlet,

Lcls =
∑
k

yk
(
ψ(S)− ψ(αk)

)
+ λKL η(e)KL(Dir(α) ∥Dir(1)) , (4)

where α ∈ RK
+ denotes the fused Dirichlet concentration parameters, y ∈ {0, 1}K

is the one-hot label, S =
∑

k αk, ψ(·) is the digamma function, and η(e) =
min(1, e/Tanneal) anneals the KL term over the first Tanneal=10 epochs. Class
imbalance is handled via positive-class reweighting. Auxiliary evidential losses
on the per-view Dirichlets are included with weight λaux=0.25 to stabilize view-
level evidence learning. When enabled, we regularize the learned conflict gate
using a small calibration loss that enforces monotonic consistency with normal-
ized JS disagreement, applied only when both views are present. Optimization
uses Adam with cosine learning-rate scheduling and early stopping on valida-
tion AUROC; models are trained for 100 epochs with batch size 8, and the best
checkpoint is used for evaluation.

3 Result Analysis

Table 1 shows that we observed consistent improvements in both discrimination
and calibration with the proposed CEI models. On CBIS-DDSM, we found that
CEI-S increases AUROC from the strongest prior baseline (Mammo-Clustering,
0.803) to 0.855, corresponding to a relative gain of approximately 6.5%. At the
same time, ECE is reduced from 0.304 to 0.109, which represents a 64% de-
crease in calibration error. On VinDr-Mammo, CEI-S yields a relative AUROC
improvement of approximately 2.9% along with a 69% reduction in ECE. We also
found that these gains are achieved without increasing model capacity. CEI-Net-
S (57.69M parameters) outperforms the substantially larger XFMamba (90.5M)
in both AUROC and ECE, and the lightweight CEI-T already surpasses several
CNN and Transformer baselines. Improvements of CEI-Net-S were found to be
statistically significant under two-sided paired t-tests across identical random
seeds (p < 0.05) for both AUROC and ECE on CBIS-DDSM and for ECE on
VinDr-Mammo. These results confirm that reliability and conflict-aware eviden-
tial fusion improves both accuracy and calibration in multi-view prediction

Fig. 2 provides a spatial interpretation of CEI-Net under inter-view disagree-
ment. In the exemplar panels, the selected Top-M tokens are overlaid on the
mammograms and distinguished as malignant-supporting, benign-supporting,
and most-discrepant tokens, linking localized image evidence to the per-view
beliefs, class-wise JS disagreement, and conflict gates. The JS histograms in
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Table 1. AUROC, ECE, and model size on CBIS-DDSM and VinDr-Mammo (mean
± std over 4 runs). † indicates statistically significant improvement over strongest prior
baseline (Mammo-Clustering) (p < 0.05, paired t-test).

Method Year Backbone Params (M) CBIS-DDSM VinDr-Mammo

AUROC ECE AUROC ECE

DIVF-Net [4] 2023 ResNet-34 43.25 0.718 ± 0.005 0.264 ± 0.008 0.744 ± 0.002 0.340 ± 0.004
MV-Swin-T [3] 2024 Swin-T 58.32 0.719 ± 0.003 0.288 ± 0.012 0.722 ± 0.008 0.294 ± 0.007
MV-HFMD [21] 2024 ViT 54.07 0.683 ± 0.002 0.358 ± 0.005 0.703 ± 0.003 0.311 ± 0.002
BI-Mamba [7] 2024 Vision-Mamba 37.39 0.657 ± 0.002 0.320 ± 0.003 0.682 ± 0.007 0.426 ± 0.002
MV-TRAMS [25] 2025 ResNet-34 22.62 0.739 ± 0.004 0.282 ± 0.005 0.766 ± 0.002 0.303 ± 0.006
XFMamba [6] 2025 Vision-Mamba 90.54 0.783 ± 0.002 0.229 ± 0.006 0.775 ± 0.004 0.288 ± 0.013
Mammo-Clustering [9] 2025 Vision-Mamba 9.80 0.803 ± 0.002 0.304 ± 0.004 0.806 ± 0.003 0.234 ± 0.018

CEI-Net-T(iny) 2026 ConvNeXt-T 36.06 0.822 ± 0.003 0.118 ± 0.003 0.813 ± 0.004 0.079 ± 0.003
CEI-Net-S(mall) 2026 ConvNeXt-S 57.69 0.855 ± 0.005† 0.109 ± 0.002† 0.829 ± 0.005 0.073 ± 0.004†

Fig. 2(a–b) are strongly concentrated near zero, indicating that CC and MLO
predictions are typically consistent, with VinDr-Mammo showing a heavier tail
consistent with greater acquisition variability. As JS increases, both error rate
and NLL rise in CBIS-DDSM (Fig. 2(c)), demonstrating that stronger disagree-
ment is associated with reduced predictive reliability. VinDr-Mammo exhibits a
more gradual trend (Fig. 2(d)), consistent with reliability weighting reducing the
influence of low-confidence views before conflict propagates to the fused belief.
Fig. 2(e) shows a disagreement case in which the CC view provides stronger ma-
lignant evidence than the MLO view, producing a moderated fused prediction
with elevated epistemic uncertainty. The nonzero class-wise JS disagreement
reduces the corresponding conflict gate, indicating selective attenuation of dis-
puted evidence rather than suppression of the malignant hypothesis. In contrast,
Fig. 2(f) shows an agreement case with consistent CC/MLO predictions, near-
zero JS disagreement, and fully open gates that preserve shared evidence. These
examples demonstrate that CEI-Net links conflict-aware fusion to localized im-
age evidence while moderating confidence under disagreement and preserving
confidence when views agree.

Ablation Study. Table 2 shows a clear progression from deterministic fu-
sion to the full CEI-Net formulation. Deterministic probability averaging per-
forms worst, while equal-weight evidential fusion improves both AUROC and
calibration. Conflict gating provides additional gains, and reliability weighting
yields the largest single-module reduction in ECE (to 0.173 on CBIS-DDSM
and 0.340 on VinDr-Mammo). Removing tokenized evidence degrades both AU-
ROC and ECE, confirming the importance of localized evidence aggregation.
Under missing-view conditions, performance drops gracefully. CC-only inference
performs better than MLO-only on both datasets, suggesting that CC carries
stronger standalone signal in these splits; the similarity between determinis-
tic averaging and CC-only performance reflects the naive equal-weight baseline
rather than CEI-Net collapsing to CC. Full CEI-Net-S consistently outperforms
both single-view settings, confirming that the two views provide complementary
evidence rather than redundant information. The ablation results show that the
gains are not attributable to a single component: conflict gating yields larger AU-
ROC improvements in high-JS settings, whereas reliability weighting produces
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Fig. 2. Inter-view disagreement and its impact on predictive reliability.
Table 2. Ablation, missing-view robustness, and cross-dataset generalization.

CBIS-DDSM VinDr-Mammo

Method AUROC ↑ ECE ↓ NLL ↓ AUROC ↑ ECE ↓ NLL ↓

In-dataset evaluation
Deterministic Prob-Avg 0.797 0.245 0.741 0.790 0.462 0.576
Evidential (Equal Weights) 0.805 0.195 0.670 0.795 0.368 0.511
JS Gating Only 0.812 0.182 0.645 0.802 0.344 0.502
Reliability Only 0.819 0.173 0.632 0.816 0.340 0.499
No Tokenization 0.812 0.178 0.638 0.808 0.359 0.513

Missing-view at test time (no retraining)
CEI-Net-S (CC only) 0.796 0.135 0.581 0.804 0.300 0.212
CEI-Net-S (MLO only) 0.770 0.154 0.625 0.775 0.326 0.248
CEI-Net-S (Full) 0.855 0.109 0.498 0.829 0.073 0.145

Cross-dataset generalization (thr=0.5, no fine-tuning)
Method CBIS-DDSM → VinDr-Mammo VinDr-Mammo → CBIS-DDSM

AUROC ↑ ECE ↓ NLL ↓ AUROC ↑ ECE ↓ NLL ↓
Deterministic Prob-Avg 0.503 0.612 0.941 0.680 0.154 0.701
Evidential (Equal Weights) 0.514 0.558 0.866 0.689 0.121 0.648
CEI-Net-S (Full) 0.522 0.126 0.373 0.698 0.082 0.605

the largest reduction in ECE, indicating complementary roles in evidential fu-
sion (Table 2). Only their joint use in CEI-Net-S improves AUROC, ECE, and
NLL simultaneously.

Cross-dataset generalization. Under domain shift, CEI-Net-S consistently
provides the best calibration and NLL, while also improving AUROC. During
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training on CBIS and VinDr testing, AUROC increases from 0.503 to 0.522 and
ECE decreases from 0.612 to 0.126. For VinDr→CBIS, CEI-Net-S achieves the
highest AUROC (0.698) and lowest ECE (0.082). These results indicate improved
robustness primarily through better uncertainty estimation under dataset shift.

4 Conclusion

We presented CEI-Net, a multi-view mammography framework that performs
Dirichlet-space evidential fusion using reliability from uncertainty and class-
conditional JS conflict gating. By aggregating evidence over salient regional to-
kens, CEI-Net interprets inter-view disagreement as insufficient reliable evidence
rather than noise, improving calibration, robustness, and fusion interpretability.
Experiments on CBIS-DDSM and VinDr-Mammo show consistent gains over
CNN, Transformer, and SSM baselines with graceful degradation under missing
views and stable performance across random initializations. Although missing-
view robustness is evaluated, future work will test view mispairing, acquisi-
tion corruption, and imperfect breast cropping in prospective screening work-
flows. Future work will extend CEI-Net to multi-class assessment, high-resolution
patch, integrate vision–language priors, and develop uncertainty-aware clinical
decision support for large-scale screening.
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