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Abstract. In colonoscopy video polyp segmentation, degradations such
as motion blur, specular reflections, and occlusions often render single-
frame features incomplete and unreliable. However, most existing meth-
ods rely heavily on current-frame features to construct queries for cross-
frame retrieval and alignment, leading to performance drops under such
degradations. To address this, we propose a query-enhanced cascaded
memory framework integrating Quality Awareness (QA) and Prototype
Alignment (PA). Specifically, (1) to construct stable query representa-
tions for robust retrieval, we propose a quality-aware sensory memory
mechanism that adaptively gates memory updates based on observation
reliability and state consistency; (2) to mitigate appearance drift, we
propose a prototype alignment mechanism that maintains appearance
prototypes as long-term anchors. By leveraging stable queries to retrieve
relevant prototypes, our framework enables reliable cross-frame associ-
ation. On the most challenging Unseen-Hard subset of SUN-SEG, our
method improves the best baseline by 2.9% in Dice and 4.2% in Sensitiv-
ity (Sen), demonstrating superior robustness under degraded conditions.

Keywords: Polyp segmentation · Video segmentation · Quality-aware
memory · Prototype alignment · Degradation robustness.

1 Introduction

Accurate polyp segmentation in colonoscopy is essential for preventing colorectal
cancer progression. Deep learning has substantially advanced polyp segmentation
on static images [9, 26, 28]. Extending to videos requires effective temporal mod-
eling to leverage cross-frame information for enhanced segmentation accuracy.
As illustrated in Fig. 1, clinical videos frequently exhibit imaging degradations
and appearance variations due to camera motion and intestinal peristalsis, which
distort frame-level cues and hinder reliable temporal aggregation.

Existing video methods mainly follow three temporal modeling paradigms.
Alignment-and-fusion approaches [10, 25] propagate details from reference frames
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(a) (b)

(c) (d)

Fig. 1. Common challenges in colonoscopy videos. (a) Motion blur and specular reflec-
tions. (b) Small polyp with low contrast against the background. (c) Illumination/color
shifts and water-induced occlusions. (d) Large inter-frame polyp displacement.

to compensate for local degradations. Memory read–write mechanisms [4, 12, 16,
18, 21] retrieve relevant historical information from stored frames to enhance cur-
rent representations. Spatiotemporal attention models [3, 5, 13] aggregate long-
range spatiotemporal context via attention. However, most of these approaches
rely heavily on current-frame features to construct queries for cross-frame match-
ing or retrieval. When the current observation is degraded, it results in incom-
plete or unreliable features and consequently unreliable queries, leading to er-
roneous correspondences and noise propagation through temporal fusion. More-
over, appearance drift across frames further challenges reliable cross-frame asso-
ciation.

To enable reliable query construction under degradations, we propose a query-
enhanced cascaded memory framework. We build stable queries from quality-
filtered short-term states and use them to retrieve long-term appearance an-
chors. Specifically, we recursively maintain a compact Sensory Memory [2] stor-
ing quality-filtered foreground/background states. Memory updates are gated
by observation reliability and state consistency to prevent degraded frames from
corrupting the stored representations. We fuse Sensory Memory with current-
frame features to construct the query, which then retrieves long-term appearance
prototypes to mitigate drift. By cascading quality-aware query construction with
prototype-based retrieval, this framework reduces reliance on single-frame obser-
vations and enables stable cross-frame association. The main contributions are
summarized as follows:

1. We propose a query-enhanced cascaded memory framework with Quality
Awareness (QA) and Prototype Alignment (PA) modules to reduce reliance
on single-frame observations and enable stable cross-frame association.

2. We introduce a quality-aware sensory memory mechanism that adaptively
gates updates based on observation reliability and state consistency, con-
structing robust queries under degradations.

3. We propose a prototype alignment mechanism that maintains appearance
prototypes as long-term anchors, mitigating appearance drift across frames.

Our method achieves leading or comparable performance on SUN-SEG. In par-
ticular, on the most challenging Unseen-Hard subset, it improves the best base-
line by 2.9% in Dice and 4.2% in Sensitivity (Sen).
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2 Method

Given a colonoscopy video {It}Tt=1 with It ∈ R3×H×W , our goal is to predict
a polyp probability mask M̂t ∈ [0, 1]H×W for each frame, with robustness to
common clinical degradations. We employ a shared encoder ϕ to extract per-
frame features Xt = ϕ(It) ∈ RC×H×W , along with reference frame feature Xr

t =
ϕ(Irt ) for temporal association, where Irt = It−1.

As illustrated in Fig. 2(a), each frame is processed by a query-enhanced cas-
caded memory: (1) the QA stage maintains a short-term Sensory Memory via
quality-gated updates and constructs a stable query representation from the
filtered state; (2) the PA stage employs this query to retrieve long-term appear-
ance anchors from a prototype bank, followed by reference frame alignment and
decoding to yield the final mask M̂t.

(a)

(b)

Fig. 2. (a) Overview of the proposed framework with Quality Awareness (QA) and
Prototype Alignment (PA) modules. (b) Detail of the Quality-Guided Network (QGN)
that predicts gate gt from reliability qt and consistency γt.
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2.1 Quality Awareness

To reduce reliance on single-frame observations, we maintain a recurrent Sen-
sory Memory St ∈ RKs×D with Ks = 2, storing compact foreground (fg) and
background (bg) slot representations. We adopt slot-based representations [15,
19], which provide fixed cardinality and preserve slot identity across frames, en-
abling selective gating of state updates. Specifically, a Proposal Network (PN)
produces proposal slots Pt from St−1 and Xt, and a Quality-Guided Network
(QGN) predicts a write gate gt based on observation reliability and state con-
sistency. The updated memory state is then integrated with Xt to construct a
stable query Qt for subsequent prototype retrieval.

Proposal Network. Given Xt, we generate slot proposals via Slot Atten-
tion [19] with recurrent initialization to preserve slot identity. We set P(0)

t = St−1

for t > 1, and P
(0)
1 = S0 where S0 is produced by a learnable slot genera-

tor [15]. At each iteration l = 1, . . . , Tp, we first aggregate features by P̃
(l)
t =

SlotAttn(Xt,P
(l−1)
t ) and then update slots with a GRU: P(l)

t = GRU(P
(l−1)
t , P̃

(l)
t ).

After Tp iterations, we obtain Pt = P
(Tp)
t ∈ RKs×D.

Quality-Guided Network. To prevent error accumulation under degraded or
abruptly shifting observations, the QGN predicts a write gate gt from observation
reliability qt and state consistency γt (Fig. 2(b)), motivated by [16, 18].

Observation Reliability. Observation reliability quantifies the confidence of
the current frame in supporting a fg/bg slot decomposition. Given Xt and pro-
posal slots Pt, we apply Slot Attention [19] to obtain fg/bg assignment maps
Afg

t ,A
bg
t ∈ RH×W . We concatenate Xt with both maps and apply a per-pixel

MLP to predict a confidence map Ct ∈ [0, 1]H×W . The frame-level reliability
qt ∈ (0, 1) is obtained by global average pooling over Ct.

State Consistency. Observation reliability qt captures within-frame separa-
bility, but reliable frames may still yield proposals Pt that deviate from the
historical state St−1 (e.g., due to fast motion or occlusion), which can disrupt
state evolution. We therefore measure state consistency as the mean cosine sim-
ilarity between corresponding slots: γ(k)

t = Cos
(
s
(k)
t−1,p

(k)
t

)
∈ [−1, 1], and define

γt =
1
Ks

∑Ks

k=1 γ
(k)
t , where s

(k)
t−1 and p

(k)
t denote the k-th historical and proposed

slots, respectively. Together, qt and γt serve as dual signals to gate memory
updates, suppressing contributions from degraded or abruptly shifted frames.

Gated State Update and Query Construction. We predict a write gate
gt ∈ (0, 1) from [qt, γt] using a lightweight MLP with sigmoid, and update the
historical slot state by

St = gtPt + (1− gt)St−1 ∈ RKs×D (1)

The gate is driven by slot coherence rather than segmentation correctness. We
then project St to a slot-guided feature map Zt ∈ RC×H×W via the fg/bg
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assignment maps Afg
t ,A

bg
t , concatenate it with Xt, and predict a residual ∆Xt

and a gating map mt ∈ (0, 1)C×H×W to obtain Xs
t = Xt +mt ⊙∆Xt. Finally,

we predict a normalized spatial weight map Wa ∈ RH×W from Xs
t and form the

query by attention-weighted pooling:

Qt =
∑
h,w

Wa(h,w)X
s
t (h,w) ∈ RC (2)

2.2 Prototype Alignment

To provide long-term appearance anchors, we maintain a prototype bank M =

{Gk}
Np

k=1, where each Gk ∈ RC summarizes the polyp appearance of a single
frame via masked average pooling, serving as a region-focused appearance an-
chor. The quality-aware query Qt from the QA stage is then used to compute
retrieval weights over M and aggregate the most relevant prototypes. Com-
pared with full-frame memories used in VOS [4, 21], this compact representation
is more efficient for small polyp regions and reduces background-induced texture
distractions under appearance drift.

Prototype Retrieval and Aggregation. Given Qt, we compute bilinear re-
trieval weights over the prototype bank:

αk
t =

exp
(
Q⊤

t WpGk/τ
)∑Np

j=1 exp
(
Q⊤

t WpGj/τ
) , k = 1, . . . , Np (3)

where Wp is a learnable projection matrix and τ is a temperature parameter.
We retain the top-Kp prototypes with the largest αk

t and aggregate them as
Gt =

∑
k∈It

αk
t Gk, where It indexes the selected prototypes. The aggregated

prototype Gt is then used for channel-wise feature recalibration.

Channel-Modulated Alignment. Given the aggregated prototype Gt, we
apply channel attention [11] to recalibrate the QA-enhanced feature Xs

t . We
compute channel-wise weights st = σ

(
W2 δ(W1 Gt)

)
∈ (0, 1)C , where δ(·) and

σ(·) denote ReLU and sigmoid, and obtain the prototype-aligned feature via
channel-wise scaling: Xp

t = st⊙Xs
t , where ⊙ denotes channel-wise multiplication.

The resulting Xp
t is then passed to reference frame alignment and decoding.

Adaptive Prototype Update. To track intra-case appearance drift, we up-
date the prototype bank using the predicted mask M̂t. We extract a candidate
prototype by masked average pooling:

G̃t =

∑
h,w M̂t(h,w)Xt(h,w)∑

h,w M̂t(h,w) + ε
∈ RC (4)

where ε avoids division by zero. Every L frames, we apply an LFU-based (Least
Frequently Used) [4] replacement, substituting the least-used prototype in M
with G̃t.
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Table 1. Quantitative comparison on SUN-SEG. Best in bold.

Method SUN-SEG-Easy SUN-SEG-Hard

Sα Emn
ϕ Fw

β Fmn
β Sen Dice Sα Emn

ϕ Fw
β Fmn

β Sen Dice

Se
en

2/3D [22] 89.5 90.9 81.9 85.3 80.8 85.6 84.9 86.8 75.3 80.5 72.6 80.9
PNS-Net [13] 90.6 91.0 83.6 86.0 82.7 86.1 87.0 89.2 78.7 82.2 77.4 82.3
PNS+ [14] 91.7 92.4 84.8 87.8 83.7 88.8 88.7 92.9 80.6 84.9 78.0 85.5
FLA-Net [17] 90.6 92.2 84.6 86.7 85.1 87.5 85.9 89.2 77.8 81.0 78.5 80.9
SLT-Net [5] 92.7 96.1 89.4 91.4 88.8 90.6 89.4 94.3 84.7 87.4 85.1 86.6
SALI [12] 94.4 97.2 91.0 92.5 92.4 92.7 91.6 95.2 86.5 88.9 89.8 89.1
Ours 94.9 97.0 91.6 93.0 94.4 93.2 92.4 95.9 87.8 90.1 91.7 90.0

U
ns

ee
n

2/3D [22] 78.6 77.7 65.2 70.8 60.3 72.2 78.6 77.5 63.4 68.8 60.7 70.6
PNS-Net [13] 76.7 74.4 61.6 66.4 57.4 67.6 76.7 75.5 60.9 65.6 57.9 67.5
PNS+ [14] 80.6 79.8 67.6 73.0 63.0 75.6 79.7 79.3 65.3 70.9 62.3 73.7
FLA-Net [17] 72.2 69.7 54.7 59.7 50.6 63.6 72.1 70.1 54.0 59.2 52.2 62.8
SLT-Net [5] 84.8 89.3 77.5 81.7 74.7 79.2 84.4 90.4 75.7 79.5 76.0 78.1
MAST [3] 84.5 89.8 77.0 81.9 75.5 78.4 86.1 91.4 77.7 81.6 81.1 80.3
SALI [12] 87.0 92.0 79.4 83.1 81.1 82.5 87.4 92.0 79.0 82.2 83.0 82.2
Ours 87.3 92.4 80.1 84.0 83.4 83.3 88.9 93.2 81.8 84.3 87.2 85.1

Reference Frame Alignment and Mask Prediction. While the prototype-
based modulation in PA provides semantically stable channel-level calibration,
it may not preserve fine-grained spatial details. To recover such details, we align
the reference feature Xr

t with the prototype-aligned feature Xp
t via deformable

convolution [6]. Specifically, we predict spatial offsets ∆t = foffset([X
p
t ,X

r
t ]) and

obtain the aligned reference feature X̂r
t = DCN(Xr

t , ∆t). The aligned feature X̂r
t

is then fused with Xp
t via non-local attention [24] and passed to the decoder to

produce the final mask M̂t.

2.3 Loss Function

For a training clip of length Tc, we compute the per-frame objective L(t)
total =

L(t)
seg + λconfL(t)

conf and average over time: L = 1
Tc

∑Tc

t=1 L
(t)
total. Each L(t)

total com-

prises a segmentation loss L(t)
seg and a confidence regularizer L(t)

conf.
Main Segmentation Loss. We supervise M̂t with the F3Net loss [27] as L(t)

seg =

LBCE(M̂t,Yt) + LIoU(M̂t,Yt), where Yt is the ground-truth mask.
Confidence Correctness Loss. The QA predicts a confidence map Ct indicat-

ing the reliability of slot assignments. Using the foreground assignment map Afg
t

and ground truth Yt, we define a pixel-wise assignment-correctness target:

Rt = Yt ⊙Afg
t + (1−Yt)⊙ (1−Afg

t ) ∈ [0, 1]H×W (5)

where ⊙ denotes element-wise multiplication. We regress Ct to Rt with an ℓ1
loss to obtain L(t)

conf, with λconf = 0.1.
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3 Experiments

Fig. 3. Qualitative comparisons on challenging sequences. Each group shows the raw
frame, ground truth, and predictions from different methods.

3.1 Experimental Setup

Datasets and Metrics. We use SUN-SEG [14] with 112 training videos (19,544
frames) and four test subsets: Seen-Easy (33 videos, 4,719 frames), Seen-Hard
(17 videos, 3,882 frames), Unseen-Easy (86 videos, 12,351 frames), and Unseen-
Hard (37 videos, 8,640 frames). Seen/Unseen indicates whether the case appears
in training, and Hard contains heavier degradations. Following [14], we report
case-level results using Sα [7], Emn

ϕ [8], Fw
β [20], Fmn

β [1], Sen, and Dice.
Implementation Details. We implement our framework in PyTorch with a

pretrained PVTv2 backbone [23], resizing frames to 352 × 352. Training uses
Adam (lr 10−4, cosine annealing) for 50 epochs with batch size 4 on 5-frame
clips. For QA, we set Tp = 3. For PA, we set Np = 20 to balance accuracy and
efficiency, retrieve the top Kp = 3 prototypes, and update every L = 5 frames.

3.2 Comparison with State-of-the-Art Methods

Quantitative Comparisons. Table 1 reports results on SUN-SEG against rep-
resentative video polyp segmentation methods, including CNN-based baselines
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Table 2. Ablation study of the QA module and the PA module.

QA PA SUN-SEG-Seen-Hard SUN-SEG-Unseen-Hard

Sα Emn
ϕ Fw

β Fmn
β Sen Dice Sα Emn

ϕ Fw
β Fmn

β Sen Dice

89.3 93.3 83.6 86.6 85.0 86.4 83.5 87.5 74.5 78.9 73.9 78.3
✓ 89.6 94.1 86.0 87.3 86.6 87.9 85.8 90.1 77.2 80.9 78.1 80.6

✓ 90.3 94.5 85.7 87.6 87.7 87.8 86.9 91.0 78.6 81.4 80.9 81.2
✓ ✓ 92.4 95.9 87.8 90.1 91.7 90.0 88.9 93.2 81.8 84.3 87.2 85.1

and temporal propagation models (2/3D, PNS-Net, PNS+, FLA-Net), recent
temporal modeling methods (SLT-Net, MAST), and the strong recent method
SALI. Overall, our method achieves the best Dice and Sen across all subsets. No-
tably, the gains are most pronounced on the Unseen splits: we outperform SALI
by 2.3%/0.8% (Sen/Dice) on Unseen-Easy, and by 4.2%/2.9% on the challenging
Unseen-Hard split, demonstrating superior robustness under severe degradations
and stronger generalization.

Qualitative Comparisons. Fig. 3 shows three challenging sequences. In the
first group, baselines yield false positives or boundary leakage on a small polyp
with large inter-frame displacement. In the second, severe water flushing induces
temporal fluctuation and boundary distortion, while ours remains complete and
stable. In the third, specular reflections deform contours in baselines, whereas
ours preserves boundaries. These observations agree with the gains on Hard
subsets. Overlay colors denote FN (red), FP (green), and TP (yellow).

3.3 Ablation Studies

To assess each component’s contribution, we conduct ablation studies on the
Hard subsets, with results in Table 2. The baseline uses the backbone encoder,
reference-frame alignment, and decoder without QA or PA. On Unseen-Hard,
adding QA alone raises Dice from 78.3% to 80.6%; adding PA alone improves it
to 81.2%; combining both further boosts Dice to 85.1%, with similar trends on
Seen-Hard. These results confirm their complementary benefits under degraded
conditions and improved generalization.

4 Conclusion

We propose a query-enhanced cascaded memory framework for robust colonoscopy
video polyp segmentation, integrating QA and PA. The QA module stabilizes
temporal association by suppressing unreliable observations, while the PA mod-
ule mitigates appearance drift via long-term prototypes. On SUN-SEG, our
method improves the strongest baseline by 4.2% Sen and 2.9% Dice on the most
challenging Unseen-Hard subset. Future work includes improving sensitivity to
small polyps, as well as validating its utility in broader clinical scenarios.
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