
STAG: A Spatio-Temporal Affinity Framework
for Surgical Video Understanding

Alireza Kheyrkhah1, Amir Hossein Saleknia1, Sanaz Karimijafarbigloo2, Reza
Azad2, Dorit Merhof2, and Alaa Sulaiman3

1Independent Researcher, 2University of Regensburg, Germany, 3Abdora INC, USA
alaa@abdora.ai

Abstract. A frozen surgical foundation model such as LemonFM pro-
vides a strong backbone for endoscopic perception, yet the standard
frozen backbone probing protocol discards both the spatial layout of the
backbone’s feature map and the temporal structure already encoded in
its learned embedding geometry. Self-supervised distillation trains these
embeddings so that cosine similarity reflects semantic similarity between
frames, suggesting that a useful notion of temporal continuity already
exists in the pretrained feature manifold and can be exploited directly
rather than relearned from scarce downstream annotations. We introduce
STAG, a compact Spatio-Temporal Affinity Graph that builds on this in-
sight with three lightweight modules operating on the frozen backbone’s
learned geometry: it recovers spatial evidence through class-conditional
slot pooling over the pre-pool token grid, replaces the classification head
with a cosine prototype layer aligned with the backbone’s metric space,
and performs non-parametric temporal label propagation over a video
graph whose edges are the backbone’s own cosine similarities. Across four
benchmark settings (Cholec80 phase recognition, Cholec80 and GraSP
tool detection, and CholecT50 verb recognition), STAG surpasses the
LemonFM baseline on every task, improving accuracy by 9.5 pp on phase
recognition and mAP by 14.4, 5.2, and 6.0 pp on Cholec80 tool, GraSP
tool, and CholecT50 verb detection respectively, while adding only 1-2 M
parameters and keeping the backbone fully frozen. An ablation attributes
these gains to each component: the spatial and prototype components
drive large gains across all tasks, while temporal propagation adds +6.5
pp on densely sampled Cholec80 phase recognition. On GraSP, whose
keyframes are 35 s apart with minimal continuity, the temporal compo-
nent contributes -0.2 pp (gains arise from spatial and prototype mod-
ules), confirming that temporal reasoning engages where continuity is
present. Compared to MS-TCN, STAG outperforms learned parametric
convolution on tool detection by wide margins.
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Recognition, Tool Detection, Action Recognition



2 A. Kheyrkhah et al.

1 Introduction

Surgical perception including phase recognition, instrument detection, and ac-
tion understanding is critical for assistive and autonomous interventions. Be-
cause annotating surgical video requires clinical expertise, recent work uses self-
supervised pretraining followed by lightweight adaptation [1]. The standard test
of feature quality is to freeze the backbone and fit a per-frame classifier on the
pooled feature [2], which assumes a globally pooled vector exposes everything a
downstream task needs. This leaves two properties unexploited: most encoders
retain a pre-pool spatial grid of tokens carrying localized tool and interaction
evidence that pooling discards, and self-supervised distillation objectives like
DINO [3] explicitly train cosine similarity between embeddings to reflect seman-
tic similarity. In LemonFM [1], which distils a ConvNeXt-L encoder on ∼4k
curated endoscopic videos, the frozen feature manifold already behaves as a sim-
ilarity kernel across adjacent frames, yet a per-frame classifier has no mechanism
to query that kernel.

Existing remedies address these gaps separately, discarding the backbone’s
geometry. Temporal modelling in surgical video relies on parametric predictors
trained from scratch: MS-TCN [4] and TeCNO [5] learn causal dilated con-
volutions, Trans-SVNet [6] uses temporal attention, and SurgFUTR [7] and
SurgTEMP [8] inject further priors, each rediscovering temporal structure that
a distilled backbone may already encode. Slot attention [9] and DETR-style set
prediction [10] extract class-specific evidence from spatial token grids, but only
end-to-end on general-purpose detection benchmarks.

LemonFM’s DINO-style geometry suggests a more direct alternative: a down-
stream head can query the continuity already present in the pretrained embed-
ding manifold. We propose STAG, a Spatio-Temporal Affinity Graph stacking
three lightweight components on a frozen backbone: (i) a class-conditional slot
pool cross-attending learnable queries to the spatial token grid, restoring local-
ized evidence; (ii) a cosine prototype layer whose logits inhabit the backbone’s
distilled metric geometry; and (iii) a temporal affinity graph propagating per-
frame logits over a video graph whose edges are the backbone’s own cosine
similarity, with only two scalars learned.

We evaluate STAG on Cholec80 [11] phase and tool recognition, GraSP [12]
instrument detection, and CholecT50 [13] verb recognition, using LemonFM as
the frozen backbone. STAG exceeds the LemonFM baseline on every task, adding
only 1-2 M parameters. An ablation study over the three components shows that
the spatial and prototype components drive large gains everywhere, while the
temporal component adds improvement where temporal continuity exists. Com-
pared to MS-TCN on the same frozen features, reusing the backbone’s similarity
as a temporal kernel outperforms relearning it from scratch on spatially demand-
ing tool-detection tasks.
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Fig. 1: Overview of STAG. The frozen LemonFM backbone emits a pooled feature
pt and a 7×7 token grid Zt per frame; slot pooling (orange) and cosine prototypes

yield unary logits Y
(0)
t (blue), which label propagation on the pt similarity graph

refines into temporally consistent predictions Y
(K)
t (green).

2 Method

Fig. 1 illustrates the full STAG pipeline. A frozen LemonFM backbone produces
two outputs per frame: a global pooled feature pt and a spatial token grid Zt,
which feed three lightweight modules that progressively refine frame-level pre-
dictions into temporally consistent logits.

2.1 Overview

Let V = (x1, . . . , xT ) denote a surgical video of T frames sampled at 1 fps, and let
gθ be the frozen LemonFM teacher backbone [1]. We hook the pre-average-pool
activation to obtain per-frame outputs(

pt, Zt

)
= gθ(xt), pt∈R1536, Zt∈R49×1536, (1)

where pt is the pooled feature used in LemonFM’s baseline evaluation and Zt is
the 7×7 spatial token grid. STAG feeds Zt to a spatial stage and pt to a temporal
one, returning per-frame logits Yt ∈ RNc for Nc classes. Backbone parameters
are never updated; the trainable head is at most 2M parameters.

Class conditional slot pooling. STAG first recovers spatial evidence from the
token grid. We introduce Ks learnable class queries Q ∈ RKs×d (d= 256) and
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cross-attend them once to the 49 spatial tokens:

St = LN
(
MHA

(
Q, WkZt, WvZt

))
∈ RKs×d. (2)

For phase recognition Ks = 1: a single context slot pools the whole scene. For
tool and verb recognition Ks=Nc, so query k is a class-specific detector. Unlike
iterative Slot Attention [9], a single cross-attention pass suffices since the queries
attend to a frozen, already-semantic grid; the attention weights act as soft class-
specific masks over the 7×7 grid (Fig. 1), recovering spatial evidence that global
pooling discards.

Cosine prototype layer. These slots are turned into logits in the backbone’s own
metric space. LemonFM’s DINO projection head is itself a normalized cosine
classifier over 65,536 prototypes [3]; to place our task classes inside that same
geometry, we learn prototypes P ∈RNc×d and produce logits via temperature-
scaled cosine similarity:

Y
(0)
t,c = τ · S

(c)
t

∥S(c)
t ∥

· Pc

∥Pc∥
, τ = 20. (3)

When Ks = 1, the single slot is compared against all Nc prototypes; when
Ks = Nc, slot c is compared only with prototype c. The temperature τ = 20
rescales cosine similarities to the range cross-entropy and BCE expect; proto-
types are initialized near zero and learned jointly with the slot queries, replacing
the implicit Euclidean assumption of a standard classification layer with metric
learning on the same sphere the features were distilled on.

Temporal affinity graph. Finally, per-frame logits are smoothed over time by
STAG’s most distinctive component, a non-parametric temporal aggregator ex-
ploiting LemonFM’s own similarity kernel. Let φt = Wφpt/∥Wφpt∥ be a normal-
ized projection, and define a symmetric affinity restricted to a temporal window
W :

Aij = exp
(
− ∥φi − φj∥2

σ2

)
1
[
|i− j| ≤ W

]
, S = D−1/2AD−1/2, (4)

with D = diag(
∑

j Aij). We then iterate Zhou-style label propagation [14]:

Y (k+1) = αS Y (k) + (1− α)Y (0), k = 0, . . . ,K − 1, (5)

where α ∈ (0, 1) balances propagated evidence against the original unary pre-
diction. Because A is banded to |i − j| ≤ W , each iteration costs O(TWNc)
instead of O(T 2Nc), smoothing an entire 1 fps video in one pass; symmetric
normalization keeps the recursion stable. Only α and σ are learnable; the filter
shape is inherited from LemonFM’s pretraining rather than learned from scarce
labels—contrast a TeCNO head [5], whose kernels (∼105–106 parameters) must
rediscover surgical similarity structure from limited downstream data. Task spe-
cialization reduces to choosing W and K: for Cholec80 phase (Ks=1, W =256,
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K=8) propagation covers long monotonic segments; for Cholec80 tool (Ks=Nc,
W =64, K=4) it captures persistent presence; for GraSP tool (Ks=Nc, W =8,
K =2) only a short window is meaningful since keyframes are 35 s apart; and
for CholecT50 verb (Ks=Nc, W =8, K=1) propagation operates over transient
bursts.

2.2 Training

STAG is trained per-video, with one full video per optimization step so the
temporal graph spans the entire sequence, using AdamW (initial LR 3 × 10−4,
cosine schedule, gradient clipping at 1.0) with mixed precision on a single H100
GPU. Phase recognition uses softmax cross-entropy; tool and verb recognition
use binary cross-entropy with logits for their multi-label structure and class
imbalance. The backbone remains frozen throughout.

3 Experiments

3.1 Datasets, Protocols, and Implementation

We follow the LEMON paper’s splits and metrics [1] across four settings spanning
different temporal regimes. Cholec80 [11]: 80 cholecystectomy videos (∼184k
frames at 1 fps, 7 phases, 7 tools, 40/8/32 split), with long monotonic phases and
interrupted tool presence. GraSP [12]: radical prostatectomy videos, 7 instru-
ments, keyframes 35 s apart (4/4/5 split, ∼3.4k keyframes), minimal temporal
continuity. CholecT50 [13]: 10 transient verbs on every 1-fps frame of 50 videos,
5-fold cross-validated mAP. Phase uses accuracy/macro F1; tool and verb use
macro mAP, robust to class imbalance.

The frozen backbone is LemonFM’s teacher ConvNeXt-L [15]; inputs are
resized to 2242 with ImageNet normalization, and a forward hook on the pre-
average-pool activation yields the pooled feature pt∈R1536 and spatial map Zt∈
R49×1536, precomputed once per dataset in fp16 with no test-time augmentation.
Training uses AdamW (LR 3 × 10−4, weight decay 10−4, cosine schedule, 50
epochs, fixed seed), selecting the best validation checkpoint, with W,K set per
task as in Sec. 2.

3.2 Main Results

Table 1 compares STAG against seven foundation models under LemonFM’s
standard per-frame classifier-head protocol, as reported in [1]; under the same
backbone and splits, STAG surpasses these methods by wide margins on all four
settings.

STAG improves on LemonFM by +9.5 pp accuracy / +9.6 pp F1 (Cholec80
phase), +14.4 pp mAP (Cholec80 tool), +5.2 pp mAP (GraSP tool), and +6.0 pp
mAP (CholecT50 verb), the largest gain arising where localized spatial evidence
matters most. STAG also exceeds every other backbone, including SurgeNetXL,
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Table 1: Comparison with surgical foundation models under a frozen backbone.
Results for all methods other than STAG are reproduced from Che et al. [1]
using per-frame classifiers on shuffled minibatches; STAG is evaluated under the
same backbone and splits.

Method Pretrain

Phase Tool Action

Cholec80 Cholec80 GraSP CholecT50

Acc F1 mAP mAP mAP

MAE [16] LemonFM 54.9 43.4 30.6 45.2 24.8

VideoMAEv2 [17] LemonFM 55.8 48.5 39.6 55.9 25.8

Endo-FM [18] Private 62.7 53.9 50.0 64.3 26.2

EndoViT [19] Merged 46.9 39.0 34.7 47.1 29.5

GSViT [20] GenSurg. 20.2 13.5 18.2 35.6 16.5

SurgeNetXL [21] SurgNetXL 73.2 65.1 72.1 62.7 45.3

LemonFM [1] LemonFM 75.8 68.6 76.8 76.4 50.4

STAG (ours) LemonFM 85.3 78.2 91.2 81.6 56.4

∆ vs. LemonFM +9.5 +9.6 +14.4 +5.2 +6.0

Phase: 7 classes (Cholec80). Tool: 7-class presence (Cholec80, GraSP). Action: 10 verbs

(CholecT50, 5-fold, ±2.0). Best in bold, second best underlined; ∆ = absolute gain.

by 5–15 pp despite only 1–2 M added parameters. Since the comparison holds the
backbone fixed across all methods, STAG’s gains isolate the value of exploiting
the spatial token grid and the pretrained similarity kernel, rather than conflat-
ing improvements from backbone scale or pretraining data with architectural
choices.

4 Analysis

We ablate STAG’s modules on the same frozen LemonFM backbone under iden-
tical training (one video/step, AdamW, 50 epochs, seed 42), adding mechanisms
sequentially: (a) plain classifier on pooled feature, (b) cosine prototype layer,
(c) slot pooling on spatial tokens, and (d) temporal affinity graph. Table 2
and Fig. 2 report metrics and incremental gains on the tool detection tasks.
Rows (b)–(c) add learned capacity, conflating geometry exploitation with richer
heads; row (d) adds only two scalars (α, σ), directly testing temporal geometry
reuse. Unlike Table 1, where LemonFM trains on shuffled minibatches, our abla-
tion trains on full videos (no shuffling) to enable the temporal graph in row (d).
This removes shuffling regularization, which lowers the sparse/transition-heavy
baselines (GraSP 76.4→63.4, Cholec80 tool 76.8→66.8). Head† therefore serves
as a matched anchor, isolating one mechanism per row.
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Table 2: Cumulative module contributions of STAG on tool detection (each row
adds one mechanism). Head† is the internal regime-matched anchor (Section 4),
not the LemonFM baseline of Table 1. Best in bold; CholecT50 5-fold mean±std.

Head configuration Tool mAP Verb mAP

Cholec80 GraSP CholecT50

(a) Head†
(frame-wise baseline) 66.8 63.4 40.1,±2.2

(b) + Prototype (metric) 80.9 79.1 50.3,±1.1

(c) + Slot pool (spatial) 88.9 81.8 54.0,±2.1

(d) + Temporal graph (temporal) = STAG 91.2 81.6 56.4,±2.0

total ∆ over Head† +24.4 +18.2 +16.3
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Fig. 2: Label autocorrelation versus temporal lag, measured from ground-truth
test sequences; legend reports each task’s temporal-module gain. Lag is in label
sampling steps (1 s for 1 fps tasks, 35 s for GraSP keyframes).

Cosine prototype layer. The cosine prototype layer yields large gains on tool
detection: +14.2 pp on Cholec80 and +15.7 pp on GraSP (and +10.2 pp on
CholecT50 verb).

Slot pooling. Class-conditional queries on the 49-token spatial grid further im-
prove tool detection by +8.0 pp on Cholec80 and add +3.6 pp on CholecT50
verb. Fig. 3 confirms that the queries localize instruments and interaction sites.

Temporal affinity graph. With only two learnable scalars, this module’s gains
reflect the frozen embedding’s continuity. It adds +2.2 pp on Cholec80 tool and
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Slot attention localizes task-relevant regions from frozen LemonFM features
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Fig. 3: Slot attention of trained STAG on the different tasks.

+2.4 pp on CholecT50 verb, but shows −0.2 pp on GraSP (minimal continuity
due to 35 s keyframe spacing). Full STAG reaches 91.2 and 81.6 mAP on
Cholec80/GraSP tool detection.

Comparison with parametric temporal heads. To isolate STAG’s non-parametric
temporal module, we compare it against MS-TCN [4,5] trained on identical
frozen LemonFM features under the same protocol. On tool detection (3), STAG
substantially outperforms: +26.2 pp mAP on Cholec80 and +27.0 pp on GraSP.
This confirms that reusing LemonFM’s similarity kernel as a temporal prior cap-
tures more relevant structure than a learned TCN from the same frozen features.

Table 3: STAG vs. MS-TCN on frozen LemonFM features for tool detection.
Both heads use the same cached features and training protocol.

Head Params
Tool (mAP)

Cholec80 GraSP

MS-TCN [4] 0.12–0.76 M 65.1 54.6

STAG (ours) 1–2 M 91.2 81.6
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5 Conclusion

We introduced STAG, a Spatio-Temporal Affinity Graph exploiting spatial and
temporal structure already encoded in a frozen surgical foundation model: STAG
recovers it through class-conditional slot pooling, a cosine prototype layer aligned
with the backbone’s metric space, and non-parametric temporal label propa-
gation over the backbone’s semantic kernel. Across four surgical benchmarks,
STAG surpasses the LemonFM baseline by wide margins with only 1–2 M pa-
rameters, with temporal gains scaling with each task’s measured continuity.
Compared to MS-TCN on the same frozen features, reusing the pretrained sim-
ilarity kernel outperforms relearning temporal structure on spatially demanding
tool-detection tasks.
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Aparicio, Eugénie Dessevres, Sebastián Peña, Jessica Santander, Juan Ignacio
Caicedo, Nicolás Fernández, et al. Pixel-wise recognition for holistic surgical scene
understanding. Medical Image Analysis, page 103726, 2025.

13. Chinedu Innocent Nwoye, Tong Yu, Cristians Gonzalez, Barbara Seeliger, Pietro
Mascagni, Didier Mutter, Jacques Marescaux, and Nicolas Padoy. Rendezvous:
Attention mechanisms for the recognition of surgical action triplets in endoscopic
videos. Medical Image Analysis, 78:102433, 2022.

14. Dengyong Zhou, Olivier Bousquet, Thomas Lal, Jason Weston, and Bernhard
Schölkopf. Learning with local and global consistency. Advances in neural in-
formation processing systems, 16, 2003.

15. Zhuang Liu, Hanzi Mao, Chao-Yuan Wu, Christoph Feichtenhofer, Trevor Darrell,
and Saining Xie. A convnet for the 2020s. In Proceedings of the IEEE/CVF
conference on computer vision and pattern recognition, pages 11976–11986, 2022.

16. Kaiming He, Xinlei Chen, Saining Xie, Yanghao Li, Piotr Dollár, and Ross Girshick.
Masked autoencoders are scalable vision learners. In Proceedings of the IEEE/CVF
conference on computer vision and pattern recognition, pages 16000–16009, 2022.

17. Limin Wang, Bingkun Huang, Zhiyu Zhao, Zhan Tong, Yinan He, Yi Wang, Yali
Wang, and Yu Qiao. Videomae v2: Scaling video masked autoencoders with dual
masking. In Proceedings of the IEEE/CVF conference on computer vision and
pattern recognition, pages 14549–14560, 2023.

18. Zhao Wang, Chang Liu, Shaoting Zhang, and Qi Dou. Foundation model for
endoscopy video analysis via large-scale self-supervised pre-train. In International
conference on medical image computing and computer-assisted intervention, pages
101–111. Springer, 2023.
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