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Abstract. Surgical video segmentation often operates on long image
sequences for which dense annotation is prohibitively expensive, mak-
ing sparse supervision more practical. Existing approaches suffer from
temporal drift due to error accumulation, while formulations based on
video object segmentation (VOS) or independent per-frame processing
rely on restrictive assumptions or dense labels. Recent VOS foundation
models offer strong visual representations, which are often per-object and
tightly coupled with memory, limiting scalability and flexibility under do-
main shift in surgical videos. We propose a reliability-gated asymmetric
dual-memory framework built on self-supervised visual representations
of DINOv3. Our model accounts for both short-term temporal continuity
and long-term semantic stability using a gated transient memory with
bounded capacity and an evolving anchor memory that incrementally
builds semantic representations without requiring complete first-frame
class coverage. By decoupling memory from the encoder, our framework
enables direct use of pre-trained vision foundation encoders and facili-
tates data-efficient adaptation under surgical video domain shift. Exper-
iments on multiple surgical video datasets demonstrate improved tem-
poral consistency and robustness compared to state-of-the-art baselines.
Code is publicly available at: https://github.com/nsapkotad17/D-GEM

Keywords: Surgical video segmentation - Temporal memory - Sparse
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1 Introduction

Surgical video segmentation is critical for tool tracking [6], workflow analysis
[19], intraoperative scene understanding [16], data-driven education systems [7],
and building automated surgical systems [5]. It operates on long image sequences
for which dense annotation is prohibitively expensive. Although the global scene
remains largely static (e.g., in fixed-camera recordings), surgical videos exhibit
frequent object appearance/disappearance (see Fig:1), occlusions, visual corrup-
tion by liquor or smoke, etc. [8]. This creates significant challenges for surgical
video segmentation due to error accumulation over time and temporal drift.
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Fig. 1. Video frames sampled throughout a long surgical video (SAR-RARP50), illus-
trating substantial temporal variations in scene configuration, camera viewpoint, in-
strument appearance/disappearance, and suture geometry. Our model (D-GEM) main-
tains accurate and temporally consistent segmentations across these challenging tran-
sitions, while SAM3 exhibits more frequent errors.

Due to the temporal nature of video data, surgical video semantic segmen-
tation (SVSS) is studied [10,18] through the lens of video object segmentation
(VOS) [1,4,12,21]. But, several core assumptions underlying VOS do not transfer
to surgical settings. Unlike VOS that typically focuses on tracking one or a few
persistent foreground objects, SVSS requires dense per-pixel semantic predic-
tions across multiple classes. Moreover, VOS formulations are often per-object
by design, which limits their ability to fully exploit joint semantic relationships
and contextual dependencies across multiple classes in surgical scenes. Besides,
short-term temporal continuity and long-term semantic consistency play distinct
and equally critical roles in surgical videos, but were often treated uniformly in
VOS formulations. Severe class imbalance further limits the effectiveness of first-
frame—only (support frame) annotation schemes, as many key objects may be ab-
sent or underrepresented in the labeled frames. At the same time, state-of-the-art
(SOTA) foundational VOS models that tightly couple temporal states with fea-
ture extraction (e.g., memory-conditioned encoder designs such as SAM2/SAM3
[2,13] video models) can reduce flexibility for domain adaptation, as pretrained
representations are less easily reused or adapted independently under domain
shift and limited supervision. Together, these limitations suggest that SVSS
must be modeled beyond conventional VOS formulations, as first-frame—only
annotation schemes are ill-suited. Conversely, formulating SVSS as per-frame
segmentation [11,20] without explicit temporal modeling is also insufficient. Al-
though such approaches can be resilient to occlusions and abrupt visual changes
[1,9], they do not exploit temporal consistency and rely heavily on dense anno-
tations, which are impractical for long and complex surgical videos.

Consequently, sparse frame-level supervision over long temporal sequences
becomes the most practical setting for SVSS. However, sparse supervision cre-
ates large temporal gaps in labeled information, requiring asymmetric temporal
reasoning that jointly addresses short-term continuity and long-term semantic
stability. Therefore, we adopt a dual memory design that serves these comple-
mentary roles. Our short-term memory employs reliability-gated updates,
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building on concepts of constrained-memory from VOS models [4,21] and ex-
tending them to sparse supervision. Complementary to this, our long-term
memory maintains a set of semantic anchors that capture persistent class-level
information across extended temporal horizons. Unlike prior object-centric repre-
sentations in VOS [3,17], these anchors are not assumed to be known a priori, but
are instead discovered, refined, and selectively updated as reliable evidence be-
comes available over time. As a natural consequence of these “evolving" anchors,
our method does not require the first annotated frame to contain all semantic
classes. Building on these observations, we introduce D-GEM, a new sparsely
supervised SVSS framework designed to operate over long temporal horizons.
Our approach mitigates temporal drift by explicitly separating short-term
temporal continuity from long-term semantic stability within a reliability-aware
and adaptive memory formulation. Additionally, we decouple memory from the
encoder, enabling the direct use of powerful pretrained visual models without
conditioning them on complex or task-specific memory mechanisms. This de-
sign enables pretrained encoders to be adapted to surgical domain shift with
minimal modification, and empirically shows improved adaptability compared
to propagation-based models (e.g., SAM2/SAM3). Our main contributions are:

1. Asymmetric dual memory. Our primary contribution is a principled
adaptation of complementary short- and long-term memory mechanisms to
the unique temporal characteristics of surgical videos. This asymmetric de-
sign combines short-term propagation with long-term semantics for robust
surgical video segmentation.

2. Reliable and evolving memory banks. We introduce reliability-based
gating and evolving anchor memory banks under bounded memory budgets
to support less error-prone temporal context and incremental adaptation of
semantic representations without complete first-frame class coverage.

3. Architecture-agnostic and data-efficient domain adaptation. We de-
couple memory from the architecture, enabling the use of powerful and ex-
tremely versatile pretrained DINOv3 Vision Transformers [15] and facilitat-
ing data-eflicient surgical domain adaptation with limited supervision.

4. Strong empirical performance. Extensive experiments demonstrate con-
sistent improvements over SOTA baselines across multiple surgical video
datasets, under sparse supervision and long-range temporal evaluation.

2 Method

We propose a sparsely supervised SVSS model with a Reliability-Gated Asym-
metric Dual Memory, called D-GEM: DINOv3-powered video segmentation
with Gated Transient & Evolving Anchor Memory. The asymmetric dual-memory
design of D-GEM cousists of a Gated Transient Memory (GTM) for re-
liable short-term temporal consistency and an FEwvolving Anchor Memory
(EAM) for adaptive long-term semantics. Temporal context from both memo-
ries is retrieved via lightweight memory attention and fused using learnable
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Fig. 2. An overview of our D-GEM model.

weights. It uses a pretrained DINOv3 ViT encoder with a lightweight decoder
augmented by our memory components (see Fig. 2).

Let a video be a sequence of 2D image frames, V = {I;},, with I, €
REXWX3 Piyel-wise semantic segmentation annotations Y; € {0,...,C}H>*W
are available only for a small set of frames in V. Given the annotated frames to
inform object semantics, we aim to predict dense semantic segmentation masks
Y, € {0,...,CHXW for all frames in V. When only the first frame is labeled,
this formulation reduces to the standard first-frame—supervised VOS problem.
Training and inference details under this formulation are provided in Section 2.3.

2.1 Architecture

Our D-GEM follows an encoder-decoder architecture augmented with a dual-
memory module for temporal reasoning. Frame Encoder and Decoder: Each
frame is processed independently by a pretrained DINOv3 ViT encoder that
produces patch-level features. A lightweight FPN-style decoder [14] aggregates
multi-scale features and outputs dense per-pixel segmentation logits. Asym-
metrical Dual Memory: Patch-level features interface with two asymmetric
memory banks: Gated Transient Memory (GTM) and Evolving Anchor Mem-
ory (EAM). For each frame, patch tokens retrieve temporal context from both
memories via lightweight memory attention before decoding, and the memory is
updated sequentially, one frame at a time. Critically, GTM and EAM differ not
only in temporal scope but also in their update policies, capacities, and reliabil-
ity constraints, enforcing an asymmetric division between short-term dynamics
and long-term semantics. These are explained in the following subsections.

Gated Transient Memory. The Gated Transient Memory (GTM) models
short-term temporal dynamics while remaining robust to local prediction noise.
GTM maintains a compact set of patch-level tokens from the most recent T
frames, ensuring constant memory usage and bounded per-frame computation.
For each frame I; at time ¢, patch features are decoded into segmentation logits,
from which a reliability score is computed using both prediction confidence and
uncertainty. Specifically, confidence is measured as the mean maximum softmax
probability, while uncertainty is captured by the entropy of the predicted dis-
tribution. Memory updates are permitted only when these statistics satisfy a
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permissive gating criterion, reflecting the importance of recent visual context
under sparse supervision. When accepted, a frame-level prototype is formed by
spatial pooling, and a top-k subset of patch tokens is selected based on cosine
similarity to this prototype and written to memory, limiting redundancy. This
top-k operation is applied only during memory write, while all patch tokens par-
ticipate during memory read. To enable recency-aware retrieval, each memory
token is augmented with a temporal position encoding representing its relative
offset At to the current frame. When the memory budget is exceeded, the old-
est entries are evicted using a FIFO policy, enforcing a sliding temporal window
over recent frames. Together, these design choices allow GTM to provide effective
short-term temporal coherence while remaining lightweight and memory-bound.

Evolving Anchor Memory. The Evolving Anchor Memory (EAM) provides
long-term semantic stability by maintaining a compact set of class-specific an-
chor representations that persist across extended temporal horizons. EAM en-
codes object-level semantics and allows new classes and appearance modes to
be discovered and refined over time, without requiring complete object coverage
in any initial frames (e.g., I;). Given annotated frames, patch-level features are
extracted and aggregated into class-conditioned prototypes, which serve as can-
didate anchors. For each class ¢, EAM maintains a small set of anchors {a’},
each encoding a distinct appearance mode. When a new candidate prototype is
observed, it is compared against existing anchors of the same class using cosine
similarity. If the similarity exceeds a threshold s;y,,, the candidate is merged with
the closest anchor; otherwise, it is added as a new anchor, subject to the per-
class and global memory budgets. In addition to ground-truth labels, EAM can
optionally incorporate pseudo-anchors derived from highly confident model
predictions. Such pseudo-anchors are written only when strict confidence and
consistency criteria are satisfied and are downweighted relative to annotated
anchors to prevent error accumulation. To provide coarse temporal awareness,
anchors are augmented with temporal position encodings corresponding to their
observation time. Memory usage is bounded by a fixed global budget, and evic-
tion prioritizes removing low-confidence or redundant anchors while protecting
anchors derived from annotated frames. Candidate anchors are further pruned
via top-k selection prior to writing. Together, these mechanisms allow EAM
to adapt to gradual appearance changes while maintaining compact, long-term
semantic representations.

2.2 Memory Fusion

The current frame patch tokens retrieve long-term semantic context from EAM
and short-term temporal context from GTM via lightweight cosine-similarity-
based attention. Frame tokens and memory tokens are f>-normalized, and at-
tention is computed over a bounded Top-K set of memory tokens to control
computation cost, with a larger budget allocated to EAM to reflect its semantic
role. For EAM, memory tokens may additionally carry confidence- or mask-
derived weights that bias retrieval toward more reliable anchors. The retrieved
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contexts are fused with the frame features via residual addition:
Z=Q+s4(t)aaCxs+sr(t)arCr, (1)

where Q denotes the current frame patch tokens, C4 and Cr are the attention
contexts from EAM and GTM, ay,ar € [0, 1] are learnable fusion coefficients,
and the scaling terms s4(t) and sp(t) introduce a gradual ramp-in of mem-
ory contributions, allowing semantic anchors to influence predictions early while
transient memory is incorporated more conservatively. This asymmetric fusion
enables adaptive balancing of long-term semantics and short-term temporal con-
tinuity without unbounded memory growth.

2.3 Training and Supervision

Following the standard video model training procedure, we process the frames of
V in a continuous temporal sliding window of length W, ensuring the presence of
at least one annotated frame in the window. Annotated frames within the window
are partitioned into two disjoint sets: a support set (S) providing semantic cues,
and a supervision set (Q) used for model optimization. EAM is initialized using
frames from S, whereas GTM is progressively populated using reliable model
predictions from recently processed frames, up to a fixed temporal budget. Both
memories are accessed and potentially updated using features from all W frames,
while supervision is applied only to frames in Q. Each frame I; is independently
encoded into patch tokens X; = E(I;) € R¥*P where N is the number of
patch tokens per frame and D is the token embedding dimension. Temporal
reasoning is performed by conditioning the current-frame representation on a
dual-memory state M; = (M}, M), which provides long-term semantic and
short-term temporal context, respectively. The memory-augmented tokens are
then decoded to produce per-pixel predictions, and the memory state is updated
sequentially after processing each frame I;.

Our segmentation loss Ls; combines Cross Entropy Lcg and Dice loss Lp,
applied to memory-fused predictions (¥;"s¢) and memory-free predictions (Y;%):

£= 257 e (T V) + A Lo (T %) |, Laos = Low + An L. (2)
|Q| teQ
Here, A\p weights the Dice loss, while A\aw weights the auxiliary supervision on the
raw (memory-free) predictions. The primary loss on Y;%**¢ directly supervises memory-
enhanced predictions, whereas the auxiliary loss regularizes the encoder—decoder struc-
ture and stabilizes training under sparse supervision. During segmentation, frames of
the entire video are processed sequentially, with the first frame always included in the
support set; additional annotated frames, if available, may also be incorporated as sup-
port. Memory updates follow the same procedure as during training, and predictions
are produced for the entire video, one frame at a time.

3 Experiments and Results

We evaluate our method on three public surgical video segmentation benchmarks.
CholecSeg8k contains laparoscopic cholecystectomy clips of 80 frames each with 13
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Table 1. Main Results: Results on three public datasets (ordered by increasing
average video length from left to right). Average mIoU (%) is reported.

Method Total Param. (Trainable) CholecSeg8k  Endovis 2018 SAR-RARP50  Avg.
1 label-support (only the first frame labeled)

SAM 2 224.5 M (-) 72.4 50.1 33.6 52.0
SAM 3 840.5 M (-) 76.7 54.8 36.3 55.9
XMem 62.2M (2.2K) 70.3 45.8 412 52.4
DINOv3Seg 34.1M (5.4M) 75.4 53.1 50.9 59.8
DINOv3Seg-V 34.1M (5.4M) 76.0 53.6 511 60.2
D-GEM (our) 34.1M (5.4M) 78.9 56.3 52.5 62.6

Adaptation: Using 10 labeled frames (for fine-tuning or refreshing the prompt)

SAM 2 [R] 224.5 M (-) 76.3 52.7 44.6 57.9
SAM 3 [R] 840.5 M (-) 81.1 56.4 54.3 63.9
XMem 62.2M (2.2K) 74.6 50.2 58.6 61.1
DINOv3Seg 34.1M (34.1M) 85.4 57.2 62.0 68.2
DINOv3Seg-V 34.1M (34.1M) 85.6 59.6 67.7 710
D-GEM (our) 34.1M (34.1M) 86.5 64.4 71.6 74.2

anatomical and tool classes. EndoVis2018 contains robotic surgical videos with 12
classes, each with 149 frames and resized to 640 x 800 due to memory constraints. SAR-
RARPS50 comprises long robotic prostatectomy videos with 10 tool classes, averaging
~300 frames (up to 706), resized to 720 x 1280. Results are reported on the standard
validation/test splits, except for EndoVis2018, where 4 videos are randomly selected.

Baselines: We compare with foundational VOS models SAM2 [13] and SAM3
[2], and further adapt them to SVSS by injecting additional annotated mask prompts
at fixed temporal intervals (denoted as SAM 2 [R], SAM 3 [R]), which are the
same labels used by D-GEM. As a representative hybrid memory-based approach, we
adopt XMem [4] to the SVSS setting by attaching a lightweight semantic segmentation
head to enable dense predictions under sparse supervision. In addition, we construct
DINOv3-based baselines using pretrained encoders: (1) DINOv3Seg, a memory-free
image model with a lightweight segmentation decoder, and (2) DINOv3Seg-V, a video
model equipped with a lightweight decoder and a SAM2-style memory mechanism. For
XMem, DINOv3-based baselines, and our model, segmentation decoders (and encoders
where explicitly noted) are optimized on the annotated frames held out from the video
(typically 1 or 10) that is being segmented.

Implementation Details for D-GEM: The best performance is obtained with
a GTM temporal window of T=20 frames and an EAM budget of 2 anchors per class.
These memory budgets balance temporal persistence, compactness, and robustness to
drift. These settings perform well across all datasets considered in this work, and may
be adjusted as needed for applications with substantially different video dynamics us-
ing the metrics mentioned in Sec. 3.2). Memory retrieval attends to the top-256 anchor
tokens and top-128 transient tokens, fused via learnable weights initialized to aa=0.2
and ar=0.15 with asymmetric temporal ramping. Transient memory updates are en-
abled after a 3-step warm-up, pseudo-anchor refreshes are performed every 10 frames,
and anchor updates use a cosine similarity threshold s¢,,=0.95. Transient updates are
gated by confidence (0.12) and normalized entropy (0.99). Experiments use a single
A10 GPU. Additional implementation details will be released with the code.
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Table 2. Results on temporal drift and mitigation with additional support frames. We
report mloU (%) performance differences for 1st 20% vs the last 20% frames.

Method Labels CholecSeg8k EndoVis 2018 SAR-RARP50

SAM 3 1 82.1 — 72.3 (J11.9%) 56.3 — 49.8 (J11.5%) 47.2 — 29.4 (37.7%)
SAM 3 [R] 3 82.8 — 78.8 (| 4.8%) 58.1 — 52.6 (| 9.5%) 59.7 — 46.6 (|21.9%)
SAM 3 [R] 20 86.9 — 85.4 (| 1.7%) 62.3 = 59.7 (| 4.2%) 67.1 = 56.6 (115.6%)
D-GEM (our) 1 82.4 — 78.1 (| 5.2%) 60.2 — 56.0 (| 7.0%) 56.5 — 51.2 (| 9.4%)
D-GEM (our) 3 82.6 — 79.3 (1 3.9%) 61.2 = 56.9 (| 7.0%) 61.4 — 56.3 (| 8.3%)
D-GEM (our) 20 88.1 — 87.0 (I 1.2%) 67.6 — 65.3 (| 3.4%) 68.2 — 63.4 (| 7.0%)

3.1 Main Results

Table 1 reports two settings: a single label-support and adaptation using 10 labeled
frames. Fine-tuning denotes optimizing model parameters using a held-out annotation
set within the same video (not used as support), with the total number of support
and supervision frames matched to prompt-based methods (SAM2/SAM3) for fair-
ness. For models where fine-tuning is impractical due to prompt-centric designs and
tightly coupled encoders, we instead apply re-prompting at fixed temporal intervals as
a practical adaptation strategy. On CholecSeg8k, which consists of short clips, most
methods already perform well and temporal modeling yields modest gains (DINOv3Seg:
85.4; XMem: 74.6). In contrast, on the long-video SAR-RARP50, prompt-based and
memory-free models degrade substantially even after adaptation (SAM3[R]: 63.9; DI-
NOv3Seg: 68.2), whereas memory-augmented methods show clear advantages. Notably,
D-GEM achieves the largest improvement, reaching 74.2, underscoring the benefit of
asymmetric memory design. With only 10 labeled frames, D-GEM improves by +11.6
mloU, while tightly coupled or prompt-based models saturate at 64 mloU.

3.2 Temporal Drift and Mitigation with Additional Supports

In this section, we investigate temporal drift in long surgical videos and analyze how
additional support frames mitigate its effects. To motivate the design of D-GEM, we
first characterize each dataset using simple measures of visual diversity (pairwise cosine
distance) and frame stability (SSIM), as these properties guide the tradeoff between
temporal persistence, compactness, and robustness to drift when choosing memory bud-
gets and update heuristics. SAR-RARP50 exhibits the highest visual diversity and
class turnover (0.17, 0.32) together with the lowest frame stability (SSIM 0.63), while
CholecSeg8k is substantially more stable (0.04, 0.03; SSIM 0.91), with EndoVis2018
lying in between (0.15, 0.21; SSIM 0.60). Consistent with these characteristics, tem-
poral drift is minimal on CholecSeg8k but becomes severe on the longer, less stable
SAR-RARP50 videos (Table 2). Although re-prompting in SAM 3 [R] reduces drift
as additional support frames are provided, substantial degradation persists even under
dense supervision, as also illustrated in Fig. 1. In contrast, D-GEM consistently ex-
hibits lower drift across all settings, achieving comparable or better temporal stability
with only 1-3 labeled frames than SAM 3 [R]| with 20 labeled frames.

3.3 Ablation Study

We analyze encoder adaptation and memory components starting from a frozen DI-
NOv3 baseline (see 3). Fine-tuning the encoder with only 10 labeled frames yields the
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Table 3. Ablation study on memory components in D-GEM. We report mIoU (%).

Component CholecSeg8k EndoVis 2018 SAR-RARP50
DINOv3 weights (frozen) 75.4 53.1 50.9
+ Fine Tuned Encoder (10 labeled frames) 110.0 T 4.1 T11.1
+ Transient Memory 1 0.2 T 24 T 5.7
+ Gated Transient Memory (GTM) 1 0.1 T 1.7 T 2.0
+ Evolving Anchor Memory (EAM) 1 09 1 3.3 122

largest gains (+4.1 to +11.1 mIoU), demonstrating data-efficient adaptation through
our modular design. Transient Memory further improves long-video performance, GTM
reduces temporal error accumulation, and EAM provides complementary long-term se-
mantic modeling. Together, our memory modules yield up to 4.2 mloU improvement
on long videos over a standard memory module.

4 Conclusions

D-GEM presents an asymmetric, reliable, and evolving dual memory framework for
surgical video semantic segmentation under sparse supervision. Reliability-based gating
limits error accumulation, while evolving anchors enable incremental semantic adap-
tation over time under bounded memory constraints. By decoupling memory from the
encoder, the framework flexibly integrates powerful pretrained visual models and facil-
itates efficient adaptation under surgical domain shift. Together, these design choices
highlight the importance of reliability-aware, evolving, and architecture-agnostic mem-
ory mechanisms for scalable surgical video segmentation.
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