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Abstract. Idiopathic intracranial hypertension (ITH) requires longitudi-
nal monitoring of disease activity and its retinal effects, while direct pres-
sure assessment by lumbar puncture is invasive and impractical to repeat
frequently. Optical coherence tomography (OCT) offers a non-invasive
retinal adjunct, and hyperreflective foci (HRF) on OCT have emerged as
a biomarker of clinical interest, making quantitative HRF readouts a can-
didate OCT-derived measure for investigation alongside pressure-based
assessment. Accurate automated HRF segmentation, however, poses an
asymmetric sensitivity—specificity dilemma beyond ordinary class im-
balance: lesions occupy under 1% of a B-scan and are easily missed,
while shifting toward sensitivity also admits speckle and vessel-like con-
founders under ambiguous annotations. We propose DiSS, a phased self-
teaching scheme that, rather than competing the two goals within one
objective, separates them in the training schedule on an unmodified
backbone. A multi-timescale exponential moving average (EMA) teacher
bank supplies progressively consolidated evidence; a first “cover” phase
consolidates weak-lesion evidence via disjunctive (noisy-OR) fusion, and
a second “suppress” phase applies soft-weighted residual modulation
(SWRM) for evidence-guided spatial suppression and cyclic anchored
snapshot self-teaching (CASST) for temporally anchored self-distillation
to attenuate unsupported responses. Across two OCT datasets DiSS im-
proves overlap, recall, and boundary metrics over the evaluated baselines;
on an independent ITH cohort, DiSS-derived HRF readouts correlate with
lumbar-puncture opening pressure more strongly than baseline-derived
readouts (a directional, non-significant trend), and within-patient lon-
gitudinal changes in HRF burden track changes in neuroretinal layer
thickness, while broader clinical validation is still required.

Keywords: Hyperreflective foci segmentation - Optical coherence to-
mography - Self-teaching - Exponential moving average
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Fig. 1. Tllustration of labeling inconsistency in adjacent OCT B-scans.

1 Introduction

Idiopathic intracranial hypertension (ITH) is characterized by raised intracranial
pressure (ICP) and is often accompanied by papilledema, left unmonitored, it can
lead to irreversible visual loss [17,9]. Its diagnosis and monitoring traditionally
rely on ICP measurement, which is invasive and hard to repeat, and on fundus
grading, which is subject to inter-observer variability [15,5]. Optical coherence
tomography (OCT) has recently emerged as an important non-invasive adjunct:
among OCT findings, hyperreflective foci (HRF)—small, punctate, highly re-
flective deposits—have been reported to correlate significantly with ICP, pa-
pilledema grading, and visual dysfunction, and are also observed in other reti-
nal diseases such as diabetic retinopathy [1,4,2,16]. Accurate HRF segmenta-
tion therefore provides a more reliable basis for the auxiliary quantification and
follow-up study of ITH.

Automated HRF segmentation remains difficult [11,19]. HRF are small, low-
contrast, and morphologically similar to speckle noise and other hyperreflective
structures such as layer interfaces and vessel projections, which makes volumetric
annotation particularly hard and inter-annotator differences substantial [20,10].
Many studies therefore model HRF on two-dimensional OCT B-scans; while this
lowers the annotation burden, it does not remove the fundamental difficulty.
HRF occupy less than 1% of a B-scan and are extremely sparse, while manual
annotations are often inconsistent across adjacent slices. As illustrated in Fig. 1,
anatomically similar structures may be annotated as HRF in one slice and la-
beled as background in a neighboring slice despite minimal structural change.
Green marks HRF identified in the initial scan (¢=1), red marks newly appearing
HRF or lesion extensions in subsequent slices (t>1), and yellow marks vessel-
projection artifacts that resemble true lesions; notably, at t=4 no HRF is labeled
despite near-identical anatomy. Such inconsistency causes the same weak lesion
to alternately appear as foreground and background during training, leading to
substantial prediction fluctuations across epochs. Consequently, HRF segmenta-
tion poses an asymmetric sensitivity—specificity dilemma beyond ordinary class
imbalance: weak lesions are easily missed, whereas increasing sensitivity tends
to admit speckle noise and vessel-like confounders. Prior methods largely focus
on enhancing feature representation through handcrafted features, focal priors,
attention mechanisms, or multi-slice aggregation [22,21,18], yet still rely on a
single end-to-end supervision paradigm that implicitly assumes reliable annota-
tions, making it difficult to balance lesion coverage and confounder suppression.

Hence, we argue that HRF segmentation should not be formulated as a sin-
gle optimization problem. Instead, it is more naturally viewed as a sequential
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process involving two distinct objectives: coverage and suppression. The first
objective, coverage, aims to preserve as many plausible lesion candidates as pos-
sible despite annotation uncertainty and temporal inconsistency, thereby reduc-
ing the risk of missing weak lesions. The second objective, suppression, aims to
progressively eliminate unsupported responses and confounding structures after
sufficient lesion evidence has been consolidated. Such a formulation better re-
flects both the characteristics of ultra-sparse HRF lesions and the way clinicians
interpret OCT scans, where suspicious findings are first identified conservatively
and subsequently refined through contextual verification.

Motivated by this observation, we propose DiSS for ultra-sparse HRF seg-
mentation. This phased self-teaching framework first covers plausible lesions and
then suppresses artifacts. Rather than introducing a new segmentation back-
bone, DiSS restructures how supervisory evidence is accumulated and consumed
throughout training. During the cover stage, a multi-timescale EMA teacher
ensemble (MTE) aggregates complementary temporal observations and consoli-
dates weak lesion evidence across different temporal scales, thereby maximizing
lesion coverage and reducing missed detections under inconsistent annotations.
During the suppress stage, the accumulated evidence is consumed in two com-
plementary ways. Spatially, soft-weighted residual modulation (SWRM) trans-
forms teacher evidence into a guarded modulation field that emphasizes plausi-
ble lesion regions while progressively attenuating confounding structures. Tem-
porally, cyclic anchored snapshot self-teaching (CASST) provides periodically
refreshed temporal anchors that stabilize weak-lesion predictions and suppress
abrupt epoch-to-epoch fluctuations. Together, MTE, SWRM, and CASST es-
tablish a phased evidence accumulation-and-consumption mechanism, through
which lesion discovery and false-positive suppression are explicitly decoupled
during training. As a result, DiSS effectively addresses the sensitivity—specificity
dilemma arising from sparse lesions and unreliable supervision. Our main con-
tributions are:

1. We propose DiSS, a two-stage cover-then-suppress self-teaching framework
for ultra-sparse HRF segmentation whose core is not a new architecture
but a principled training schedule: it decouples weak-lesion coverage from
confounder suppression across stages and separates the admission and con-
sumption of teacher evidence, alleviating the sensitivity—specificity imbal-
ance without extra annotation or backbone modification.

2. We design two complementary mechanisms—SWRM (a guarded modulation
field that focuses on plausible lesions, with an annotation-anchored soft con-
straint that lowers the risk of attenuating consolidated weak lesions) and
CASST (a periodically refreshed snapshot designed to anchor, rather than
follow, epoch-to-epoch fluctuations)—and validate each by ablation under a
unified protocol.

3. We evaluate DiSS and all competing methods (re-trained under the same
configuration) on two HRF datasets using identical five-fold splits and a uni-
fied inference-and-evaluation protocol: DiSS attains the highest mean Dice
in the complete five-fold comparison, and on an independent ITH cohort its
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Fig. 2. The overall architecture of the proposed DiSS.

HRF readouts align with lumbar-puncture opening pressure (most strongly
among the compared methods, though not statistically established) and their
within-patient longitudinal changes track neuroretinal change, indicating po-
tential clinical relevance.

2 Method

Let # € RE*XW be an OCT B-scan and y € {0,1}7*W its HRF mask. The
student network fy is the standard nnU-Net 2D backbone, and its foreground
probability is

p°(z) = [softmax fg(x)hg. (1)

DiSS introduces only training-time teachers and one frozen snapshot; all are
removed at test time. The method has two phases split by F.ov: a cover phase
builds teacher evidence, and a refinement phase consumes that evidence for
spatial and temporal regularization.

2.1 Coverage-Oriented Teacher Evidence

EMA teachers and temporal ensembling are established regularizers [14,8,23];
DiSS adapts them to sparse HRF by using them as a recall-oriented candidate ac-
cumulator. The teacher bank stores K = 3 complete, non-trainable model copies
that share the student’s nnU-Net architecture, with momenta {0.8,0.99,0.999}
and activation epochs {50,25,0}. At its activation epoch, teacher k is initial-
ized from the current student and subsequently updated after every student
optimization step, without gradients, by

o) = mioy + (1= m)o. 2)

Let Ag be the active teachers at epoch E and p;f, () their foreground maps
generated online for the current input; the bank retains neither these maps nor
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intermediate features. Because a weak lesion may only be visible at one timescale,
we aggregate teacher maps with a soft disjunction rather than an average:

pp(@) =1- ] (1 -pis@). 3)

keAg

This noisy-OR is used as a coverage operator, not as a calibrated independent-
probability model. It retains candidate support from any active timescale and
intentionally tolerates some false positives for later refinement.

2.2 Evidence Consumption

SWRM turns the teacher evidence into a guarded residual modulation field.
First, teacher and student evidence are merged by p(z) = max(p™(z), p°(x)). A
soft weight map is then built with a low-shifted sigmoid, dilation-like pooling,
smoothing, and a non-zero floor:

- — tow -
W = U(p(x)l) ;W = wnin + (1 — wmin) AvgPool, (MaxPooly, (W)).

-

(4)
An annotation-anchored guard caps the weight outside a dynamic neighborhood
of the ground truth,

W(U)7 u e NT(E) (y);

min(W (u), weap (). & N (4), ©)

Wguard (U) = {

and the normalized field is injected as a bounded residual,
ro=20 (1+ OZE’YWguard)- (6)

SWRM therefore does not mask out candidate pixels; it only bounds the addi-
tional gain given to unsupported locations.

CASST supplies a temporal anchor. At the beginning of each cycle, the slow
EMA teacher is frozen as a snapshot and held fixed until the next cycle. A
masked asymmetric KL loss [7] aligns the student to this fixed target on regions
selected from Wyyara and a boundary band:

Luale) = e M@ (@) | ). (7

where ¢®#P = softmax(¢g*"*? /T') and ¢° = softmax(g°). The final loss is standard
supervised segmentation in the cover phase and, in refinement,

Ereﬁne - Eseg(fG (IQ)a y) + )\maxp(E)‘ckd (I)a (8)

with a within-cycle ramp p(E). The supervised and distillation terms update
only the student; EMA teachers and snapshots receive no gradients.
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3 Experiments and Results

Datasets and protocol. HRF-1 contains 27 patients, 46 eyes, 86 IIH OCT vol-
umes (688 B-scans); HRF-2 contains 29 patients, 57 eyes, 57 diabetic-retinopathy
OCT volumes (456 B-scans). Two experienced ophthalmologists annotated eight
consecutive B-scans per volume, covering the typical two-to-four-slice HRF span.
Five-fold cross-validation was performed within each development set at the
OCT-volume rather than patient level, keeping all eight B-scans from each vol-
ume together and the test sets fixed. A third independent ITH cohort is used for
clinical association analysis. All segmentation comparisons use identical prepro-
cessing and augmentation, and the same nnU-Net training configuration: SGD
with Nesterov momentum, initial learning rate 0.01, batch size 2, 300 epochs,
and polynomial learning-rate decay. Competing methods are re-trained from
scratch under this shared protocol and evaluated through one inference-and-
metric pipeline. For lesion-level evaluation, two-dimensional connected compo-
nents of at least one pixel are greedily matched one-to-one by intersection over
union (IoU), with pairs at IoU > 0.1 counted as true positives; lesion F1 is micro-
averaged by pooling true positives, false positives, and false negatives over all test
B-scans. DiSS uses one fixed configuration across datasets and folds: EMA mo-
menta {0.8,0.99,0.999} with activation epochs {50,25,0} and refinement from
epoch 80; SWRM uses t15w=7=0.03, wyin=0.1, v=0.15, skip probability 0.15, ra-
dius 7—3, and cap 1.0—0.5; CASST uses 30-epoch cycles, Rramp=25, Amax=0.2,
T=1.5, and 7,,;=0.25.

Table 1. Segmentation comparison. Bold indicates best mean and underline second-
best mean.

HRF-1 HRF-2
Method Dicet Jac.t Rec.t ASD] Lesion F11 Dicet Jac.t Rec.t ASD] Lesion F11
U-Net [12] 0.6907 0.5496 0.7097 13.3302 0.7083  0.6683 0.5320 0.6401 22.0037  0.7085
nnU-Net [6] 0.7164 0.5763 0.6663 11.0986  0.7456  0.6723 0.5388 0.5948 17.2747  0.6901
SANet [21] 0.6953 0.5593 0.6596 12.9510 0.7586  0.6445 0.5081 0.5685 16.7661  0.6940

CCSNet [19] 0.7225 0.5826 0.6955 14.3866 0.7676  0.6756 0.5453 0.6124 21.3881  0.6953
nnWNet2D [25] 0.6985 0.5597 0.6546 14.9922  0.7561  0.6779 0.5493 0.6277 16.8164  0.7103
HAFNet [24]  0.7132 0.5753 0.7008 14.1340  0.7586  0.6977 0.5682 0.6528 17.3674  0.7150
MUSENet [18] 0.7073 0.5671 0.6992 12.5855  0.7494  0.6400 0.5122 0.6028 15.6184  0.7185
DiSS 0.7338 0.5945 0.7439 10.3971 0.7735 0.7112 0.5816 0.6957 12.2111 0.7245

Segmentation performance. Table 1 compares DiSS with U-Net, nnU-
Net, recent medical segmentation networks, and the HRF-specific MUSENet.
DiSS achieves the best mean Dice, Jaccard, recall, and ASD on both datasets.
Relative to nnU-Net, Dice improves from 0.7164 to 0.7338 and Jaccard from
0.5763 to 0.5945 on HRF-1; on HRF-2, Dice improves from 0.6723 to 0.7112
and Jaccard from 0.5388 to 0.5816. ASD decreases from 11.0986 to 10.3971 and
from 17.2747 to 12.2111, respectively. DiSS also achieves the highest lesion F'1
on HRF-1 (0.7735) and HRF-2 (0.7245), indicating the best balance among the
compared methods between lesion detection and false-positive lesion control.
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Fig. 3. Qualitative comparison: green, correct; orange, under-segmentation; red, over-
segmentation. DiSS gives more coherent masks in low-contrast and artifact-affected
regions.

Table 2. Ablation study. MTE is the shared evidence source; SWRM and CASST are
toggled as evidence-consumption paths.

Comp. HRF-1 HRF-2
ID S Dicet Recallt ASD| Dicet Recallt ASDJ

A0 Base — - 0.7164 0.6663 11.0986 0.6723 0.5948 17.2747
Alw/oS — v 0.7001 0.7108 13.7023 0.6141 0.5742 22.7454
v

Q

A2 w/o CV 0.6990 0.7577 15.0766 0.6208 0.6442 23.8532
A3 Full Vv 0.7338 0.7439 10.3971 0.7112 0.6957 12.2111

Ablation. Table 2 shows that using only one evidence-consumption path
is insufficient. Removing SWRM or CASST increases the sensitivity—specificity
imbalance: recall can rise in one setting, but Dice and ASD degrade on both
datasets. The full model gives the strongest Dice/ASD balance, supporting the
need for spatial and temporal evidence consumption after coverage-oriented
teacher construction.

Internal design choices. Table 3 restores the component-level ablations.
The slow EMA anchor gives the best Dice/ASD trade-off on both datasets, sup-
porting the use of a long-memory snapshot for CASST. In SWRM, neither merge
nor softening alone explains the final behavior; the full combination gives the
strongest overall Dice and ASD, indicating that candidate-preserving evidence
fusion and soft residual weighting are complementary.

Fig. 4. Last-50-epoch HRF-1 validation pseudo-Dice volatility; lower is more stable.
DiSS reduces late-training standard deviation, epoch-to-epoch change, and worst jump
versus nnU-Net.

Training stability. Consistent with the interval-fixed anchoring intended
by CASST, DiSS is steadier during the converged phase than nnU-Net: late-
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Table 3. Detailed component ablations. Bold and underline denote the best and
second-best mean values, respectively.

(a) Anchor selection in CASST.
HRF-1 HRF-2
Model Dicet Recallt ASDJ] Dicet Recallt ASDJ|

EMA Fast 0.6773 0.7806 15.4355 0.6578 0.6629 22.1920
EMA Medium 0.6941 0.7748 14.9539 0.6421 0.6303 25.5133
EMA Slow 0.7338 0.7439 10.3971 0.7112 0.6957 12.2111

Student 0.7089 0.7689 13.8313 0.6414 0.6419 16.3731
(b) Operations in SWRM.
HRF-1 HRF-2
Condition Dicet Recallt ASDJ] Dicet Recallt ASDJ
Full 0.7338 0.7439 10.3971 0.7112 0.6957 12.2111

w/o Softening 0.7028 0.7612 14.8366 0.6395 0.6179 18.7337
w/o Merge 0.6947 0.7383 15.5868 0.6478 0.6283 26.0347
w/o Both 0.7001 0.7108 13.7023 0.6141 0.5742 22.7454

training validation pseudo-Dice standard deviation is reduced by 24%, the mean
epoch-to-epoch change by 15%, and the worst single-epoch jump by 36% (Fig. 4).

Clinical alignment. On the independent ITH cohort, HRF count and burden
are computed per eye and averaged by patient. With patient-level Spearman
correlation [13] and 5000 bootstrap resamples [3], DiSS-derived burden/count
show the strongest associations with lumbar-puncture opening pressure among
the compared readouts (p = 0.28/0.26, versus CCSNet 0.21/0.21 and nnU-Net
0.19/0.16; Fig. 5a), although overlapping confidence intervals indicate only a
directional trend. In the paired follow-up subset (n = 33), change in DiSS-
derived HRF burden correlates with changes in GCL+IPL (p = 0.54), INL
(p = 0.51), and RNFL (p = 0.49; Fig. 5b), with FDR-corrected significance.

a Clinical alignment with intracranial pressure b Longitudinal response (n = 33)

0.54

0.28
AGCL+IPL q=0.002
HRF burden x> @ <
0.51
AINL * =0.004
0.26 o
.4
HRF count N0 ® Diss
= B CCSNet ARNFL * 9=0.004
A nnU-Net
-0.2 0.0 0.2 0.4 0.6 0.00 025 050 075 1.00 1.25
Spearman p with LP opening pressure Spearman p (Aburden vs. Alayer)

Fig. 5. Clinical alignment of DiSS-derived HRF readouts. (a) Patient-level Spearman
correlations with opening pressure; shaded intervals are DiSS 95% bootstrap Cls. (b) In
paired follow-up patients (n = 33), AHRF burden correlates with AGCL+IPL, AINL,
and ARNFL; bars show bootstrap 95% CIs and ¢ values are FDR-corrected.
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Visual-acuity change was not associated with AHRF; these exploratory results
warrant prospective confirmation.

4 Conclusion

DiSS uses EMA teachers, SWRM, and CASST to separate HRF coverage from
artifact suppression, improving segmentation on two OCT datasets. In an inde-
pendent ITH cohort, its readouts show the strongest but not significantly supe-
rior association with opening pressure, and burden changes track neuroretinal
change. Broader validation is needed before deployment.
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