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Abstract. Temporal grounding in surgical videos is essential for clinical
applications, yet this area remains significantly underexplored. Further-
more, existing methods designed for general-domain videos struggle to
generalize to the surgical domain due to two unique challenges. First,
surgical procedures exhibit a complex inherent hierarchy, ranging from
coarse phases to fine-grained actions. Second, processing long surgical
videos in discrete chunks disrupts continuous context, leading to tem-
poral isolation. To address these issues, we formally introduce the re-
search problem of Surgical Video Temporal Grounding (SurgVTG) and
formulate a novel task of Hierarchical Multi-Segment SurgVTG (HMS-
SurgVTG), accompanied by a comprehensive benchmark. To tackle this
task, we propose a Memory-Augmented Vision-Language Model frame-
work that mitigates cross-chunk isolation through an explicit read-write
memory loop. By dynamically updating and injecting structured pro-
cedural memories via lightweight heads, our framework seamlessly pre-
serves historical context during scalable inference. Extensive experiments
demonstrate that our approach enhances long-range temporal ground-
ing quality, establishing a new benchmark for surgical video temporal
grounding. Code is available at https://github.com/Mr-Kill/Surgic
alVideoTemporalGrounding.
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1 Introduction

Surgical videos are a valuable resource for clinical practice, education, and re-
search [14]. Clinical tasks depend on localizing temporal segments: generating
structured surgical reports requires identifying each workflow phase and its du-
ration [5]; reviewing complications involves pinpointing abnormally prolonged
phases or unexpected procedural deviations [1]; and surgical trainees benefit
from rapidly retrieving technique-specific segments for self-directed learning [13,
8]. Despite their importance, these tasks still rely heavily on manual navigation.
In practice, clinicians and researchers need to review hours of footage to find the
segments of interest, which is often prohibitively time-consuming. This bottle-
neck motivates us to investigate Surgical Video Temporal Grounding (SurgVTG),
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a novel research problem of automatically localizing temporal segments in a sur-
gical video that match a natural-language query.

Compared with general-domain videos, surgical videos exhibit substantial
differences in workflow organization, event semantics, and long-range temporal
dependencies, making existing temporal grounding approaches [9, 10] difficult
to apply directly. One core difference is the inherent compositional hierarchy
of surgical workflows. Rather than a flat collection of actions, a surgical work-
flow is a structured process in which coarse-grained surgical phases (or steps)
organize instrument usage [3, 4, 7], which in turn gives rise to fine-grained ac-
tion triplets, e.g., ⟨Instrument, Verb, Target⟩ [15, 2]. This hierarchy is important
both clinically and semantically: the same instrument action can correspond to
different intents, risks, and procedural meanings under different phase contexts.
As a result, a flat temporal grounding formulation is insufficient, as it tends to
conflate events that are visually similar but procedurally distinct. These obser-
vations motivate a hierarchical formulation of surgical temporal grounding that
comprehensively represents procedural structure.

Another issue lies in the long-form nature of the surgical videos, which are
typically long but require the precise localization of fine-grained action segment
boundaries. Although recent VTG methods introduce token compression and
efficient context modeling to accommodate longer sequences [16, 21], applying
them to hour-long surgical procedures still necessitates extensive spatio-temporal
pooling or sparse sampling. Such heavy compression inevitably distorts high-
frequency temporal dynamics and obscures the fine-grained visual cues essential
for precise surgical event grounding. Moreover, chunk-based video processing is
more scalable in practice, but introduces a key limitation: each chunk is often
processed independently, preventing the model from reasoning over cross-chunk
continuity [20], e.g., whether an observed instrument action is a continuation of
a previous event or the start of a new occurrence. This temporal isolation issue
is particularly severe in surgery, where procedural interpretation often depends
on accumulated workflow context rather than a single local observation.

To deeply investigate the issues and address them, we present a comprehen-
sive solution set that formulates the problem, establishes a benchmark, and
designs a dedicated framework. Our contributions are threefold: (i) We de-
fine Surgical Video Temporal Grounding (SurgVTG) as a novel research prob-
lem, identifying the unique requirements that set it apart from general-domain
video temporal grounding. (ii) We introduce Hierarchical Multi-Segment Surgi-
cal Video Temporal Grounding (HMS-SurgVTG), a task benchmark that instan-
tiates SurgVTG with three hierarchically nested grounding levels, phase (L1),
instrument (L2), and action triplet (L3), together with curated annotations and
evaluation protocols derived from CholecT50 [15]. (iii) We propose a memory-
augmented Vision-Language Model (VLM) framework that processes long sur-
gical videos in chunks for scalability, while maintaining cross-chunk procedural
context through an explicit read–write memory loop.
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2 Method

2.1 HMS-SurgVTG Formulation

Task Objective. We formulate the Hierarchical Multi-Segment Surgical Video
Temporal Grounding (HMS-SurgVTG) task as follows. Given an untrimmed sur-
gical video V of duration T and a natural-language query q, the objective is to
predict all non-overlapping temporal moments Y = {(sk, ek)}Kk=1, where each
(sk, ek) pair denotes a start and end timestamp, such that each segment localises
one occurrence of the event described by q.
Hierarchical Grounding Levels. Surgical procedures exhibit an inherent
compositional structure in which a phase (or step) decomposes into instrument
activations that in turn give rise to fine-grained action triplets ⟨Instrument,
Verb, Target⟩. We represent this hierarchy in three grounding levels, where the
natural-language query progressively incorporates stronger hierarchical context
constraints: (i) Phase-level (L1): the query q(1) describes a surgical phase (e.g.,
“The surgery is in the clipping-and-cutting phase.”) and the search scope is full
video. (ii) Instrument-level (L2): the query q(2) asks when a specific instrument is
active (e.g., “During the gallbladder-packaging phase, the grasper is being used.”)
within the parent phase’s predicted segments Ŷ(1). (iii) Triplet-level (L3): the
query q(3) targets a fine-grained action triplet (e.g., “During the calot-triangle-
dissection phase, the grasper is used to retract the omentum.”) within the parent
instrument’s predicted segments Ŷ(2). Formally, the search scope at level ℓ > 1 is
constrained to the predictions of the parent level Ŷ(ℓ−1), yielding a coarse-to-fine
grounding cascade that mirrors a surgeon’s reasoning during an operation.

2.2 Memory-Augmented VLM Framework

We process surgical videos in non-overlapping chunks to keep memory bounded
for hour-long procedures, while decoding all timestamps on the original video
timeline. As shown in Fig. 1, our framework builds on a Vision Language Model
(VLM) comprising a vision encoder V and an auto-regressive Large Language
Model (LLM) Gθ, where θ denotes trainable LoRA [6] modules.
Timestamp-Interleaved Visual Sequence. Following [10], we encode tem-
poral information by interleaving timestamp (e.g., 1.0s) text tokens with vi-
sual frame tokens. Given chunk t containing N sampled frames at timestamps
(t1, . . . , tN ), each frame fi is encoded by the vision encoder V and paired with
its text-tokenised timestamp τi, forming a timestamp-interleaved visual sequence
st = [τ1,V(f1); τ2,V(f2); . . . ; τN ,V(fN )]. This interleaving enables the LLM
to directly associate visual content with its temporal position and to retrieve
relevant timestamps for grounding.
Input Sequence. To address the temporal isolation of independent chunks, we
introduce a read-write memory loop (Fig. 1). Specifically, the complete input
sequence xt to Gθ for chunk t is formulated as:

xt = [mt−1; st; d; q ], (1)
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Fig. 1. Overview of our Memory-Augmented VLM Framework. The read-
write memory loop transfers contextual state across video chunks. Read: The inherited
memory prompt mt−1 is prepended to the input sequence. Write: A <WRITE_MEMORY>
token aggregates a representation hw, decoded by auxiliary heads into an updated
three-tier memory state mt for the next chunk.

where mt−1 is the textual memory prompt summarising the surgical state up
to chunk t−1 (i.e., Memory Read (Injection) in Sec. 2.3), d is a task de-
scription specifying the grounding task and expected output format, and q is a
natural-language query. All textual components (mt−1, d, q) are tokenized into
text token sequences by the LLM tokenizer. Given xt, the model dynamically
generates answer tokens ŷ in the format <answer>ŝ1–ê1 ŝ2–ê2 · · · </answer>,
which are decoded into the predicted temporal segments Ŷ = {(ŝk, êk)}k.

2.3 Hierarchical Read-Write Memory Loop

The core of our pipeline is maintaining cross-chunk procedural context. To
achieve this, we define a structured memory state and establish mechanisms
for reading inherited context and writing updated states for subsequent chunks.
Structured Memory Design. The three grounding levels naturally prescribe
what inter-chunk memory should encode: the current phase determines which in-
struments are expected, and the active instruments constrain which triplets can
occur. Following this hierarchy, we define a three-tier memory state mt carried
from chunk t to chunk t+1: (i) Macro (phase): the cumulative phase transi-
tion path and the current phase identity, encoding global procedural progress;
(ii) Meso (instrument): the set of instruments active during and at the boundary
of the current chunk, conveying instrumentation continuity; (iii) Micro (triplet):
the action triplets ⟨I, V, T⟩ active at the chunk boundary, capturing fine-grained
action state. Each tier provides contextual priors for the corresponding ground-
ing level and for all subsequent finer levels.
Memory Read (Injection). The inherited memory state mt−1 is serialised
into natural language, delimited by <MEMORY_START> and <MEMORY_END> tokens,
and prepended to the input sequence as shown in Eq. 1.
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Memory Write (Generation). During inference, annotations are unavailable,
while the model needs to seamlessly update the memory. To realize this, a learn-
able token <WRITE_MEMORY> is appended after task description d. <WRITE_MEMORY>
is constrained to attend only to the context preceding the query, generating an
effective input:

xw
t = [mt−1; st; d; <WRITE_MEMORY> ]. (2)

Accordingly, the last-layer hidden state corresponding to the <WRITE_MEMORY>
token, hw ∈ Rd, aggregates information from the memory, visual content, and
task description, while remaining unaffected by the query or answer tokens. We
therefore apply hw as a query-agnostic summary of the chunk. Five lightweight
MLP heads are attached to hw to predict the specific components of mt. To
handle phase transitions, we allocate two categorical phase slots to predict phases
temporally: (i) fslot1: the identity of the first phase; (ii) fslot2: the identity of
the second phase, or a special NONE class if only one phase occurs. These two
slots naturally encode phase occurrences within a chunk. We omit additional
slots, as chunks containing more than two phases are extremely rare (7 out
of 1602 chunks, ∼0.44%) and are subsequently treated as minor perturbations.
(iii) fc-inst: multi-label instrument presence within the chunk; (iv) fb-inst: multi-
label instrument presence at the chunk boundary; (v) fb-tri: multi-label action
triplet presence at the chunk boundary. The decoded predictions are assembled
into the three-tier format and serialised as mt for the next chunk, completing
the autoregressive memory rollout without ground-truth labels.

2.4 Training

Training Objectives. The primary grounding loss is the standard auto-regressive
cross-entropy over the target answer tokens:

LCE = −
Ny∑
i=1

logP
(
yi | xt, y<i; θ

)
, (3)

where Ny is the number of target tokens in the answer and the probability
is conditioned on the input sequence xt and the preceding target tokens. The
auxiliary memory loss supervises the five prediction heads attached to hw:

Lmem =

5∑
k=1

λk Lk, (4)

where Lk consists of the cross-entropy loss for fslot1 and fslot2, the binary cross-
entropy losses for fc-inst, fb-inst, and fb-tri; λk are per-head balancing weights.
Three-stage Strategy. Jointly optimising both objectives may encounter mu-
tual interference: the VLM has not yet learned to ground events, and unstable
hidden states make auxiliary head training noisy. We therefore apply a progres-
sive approach: (i) Grounding with oracle memory. Only LCE is active; memory
prompts are constructed from ground-truth annotations. Gθ is adapted via LoRA
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with a frozen V, establishing reliable grounding capability. (ii) Memory head
pre-training. The entire VLM is frozen. Only the five auxiliary heads are trained
on hw with Lmem, learning to get surgical state from stable representations.
(iii) Joint fine-tuning. Both objectives are combined: L = LCE + λauxLmem,
where λaux balances the auxiliary multi-task learning. LoRA modules θ and
the memory heads are trained jointly, allowing the hidden representations to
co-adapt for both grounding and memory generation.

3 Experiments

3.1 Benchmark Construction

We build our HMS-SurgVTG benchmark upon CholecT50 [15], a publicly avail-
able dataset of 50 laparoscopic cholecystectomy videos annotated at 1 fps with
surgical phases, instruments, and action triplets. We follow the official split:
35 videos for training, 5 for validation, and 10 for testing. Since the original
CholecT50 provides frame-level labels rather than temporal segments, we design
a specific pipeline to convert these annotations into hierarchical multi-segment
temporal grounding labels of our HMS-SurgVTG benchmark.

Specifically, our pipeline applies three main steps: (i) Frame-to-segment con-
version. For each video, we aggregate frame-level labels into contiguous time
segments at each level: phase, instrument (conditioned on phase), and action
triplet (conditioned on phase and instrument), producing multi-segment ground
truth for every query. (ii) Short segment filtering. To suppress annotation noise,
we discard segments shorter than 2 s (i.e., ≤ 3 frames). While prior work [17]
treats actions under 3 s as noise, we adopt this more conservative threshold to
account for the lower temporal resolution (1 FPS) and the higher annotation
reliability of the original CholecT50. We quantify the impact of this step at
each hierarchy level: at the phase level, none of the 100,863 annotated frames
are affected; at the instrument level, 1,295 out of 138,993 frames are removed
(0.93%); at the triplet level, 3,148 out of 150,532 frames are removed (2.09%).
(iii) Hierarchical query generation. Natural-language queries are generated from
the dedicated templates by explicitly incorporating the hierarchical context. A
phase-level query only asks for the phase itself; an instrument-level query ex-
plicitly references its parent phase to resolve ambiguities; while a triplet-level
query conditions on both the parent phase and instrument to preserve coarse-
to-fine dependencies. The resulting HMS-SurgVTG benchmark comprises 2,666
entries (339 phase, 750 instrument, 1,577 triplet) with hierarchical parent–child
references across videos.

Our Memory-Augmented VLM framework is built upon Qwen3-VL-8B [19].
We freeze the vision encoder and projector, fine-tuning only the LLM backbone
via LoRA. Videos are processed in 64-frame chunks (i.e., 64 seconds per chunk at
1 fps), following a common practice in general-domain VTG works [18]. Training
proceeds in three stages using the AdamW [12] optimizer, cosine scheduling, and
a batch size of 1. In the first stage, we fine-tune the LLM for temporal grounding
generation for 2 epochs. In the second stage, we freeze the LLM and train five
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lightweight memory heads for 2 epochs to establish memory writing ability. Each
memory head is implemented as a two-layer MLP with GELU activation. These
heads predict two phase slots via Cross-Entropy (CE) loss, alongside chunk-
internal/boundary instruments and boundary triplets via Binary Cross-Entropy
(BCE) loss, using empirical loss balancing weights of 2.0, 0.5, and 0.2, respec-
tively. In the third stage, we jointly train the whole model end-to-end for 1
epoch, combining the generation CE loss and auxiliary memory losses with the
empirical weight λaux = 0.1. All experiments are conducted on a single NVIDIA
H200 GPU with DeepSpeed ZeRO-2 and Flash Attention.
Evaluation Metrics. Since HMS-SurgVTG requires a top-1 multi-segment
temporal answer for each query, we evaluate with mean Intersection-over-Union
(mIoU) and Recall@1 under IoU thresholds of 0.3 and 0.5, following common
VTG practice.

3.2 Experimental Results

Table 1. Main results on the HMS-SurgVTG benchmark. We report mIoU,
R1@0.3, and R1@0.5 across the Phase, Instrument, and Triplet levels. Ours (Final)
denotes our complete framework optimized via the three-stage joint training. Ours (w/
GT Memory) indicates the theoretical upper bound (Oracle), evaluated by providing
the model with ground-truth memory descriptions during inference to validate the
necessity and efficacy of our memory-guided design.

Method Existing Baselines Ours Upper Bound

Qwen3 UniVTG w/o Memory Final w/ GT Memory

Phase
mIoU 21.33 2.11 16.03 19.23 67.67
R1@0.3 32.00 1.00 20.00 25.00 88.00
R1@0.5 20.00 0.00 5.00 3.00 74.00

Instrument
mIoU 1.95 0.49 43.14 52.97 52.65
R1@0.3 0.91 0.00 62.98 70.31 70.26
R1@0.5 0.00 0.00 45.11 59.38 59.48

Triplet
mIoU 0.95 0.24 35.23 37.26 40.34
R1@0.3 1.02 0.00 44.65 47.98 52.24
R1@0.5 0.00 0.00 29.26 34.10 35.90

Overall
mIoU 3.74 0.54 35.17 38.85 46.19
R1@0.3 4.83 0.12 46.49 50.56 60.36
R1@0.5 2.48 0.00 30.56 36.43 45.61
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Baselines. To comprehensively evaluate our Memory-Augmented VLM frame-
work, we benchmark against top-performing generic video foundation models
and specialized temporal grounding paradigms. For all evaluated models, train-
ing is performed exclusively on the training set, while the reported metrics are
computed across the combined validation and test sets. We compare our method
against two main classes: (1) Temporal Grounding Specialist. We select Uni-
VTG [11] evaluated in a zero-shot inference setting, which is a state-of-the-art
approach for locating specific actions in untrimmed videos; (2) Direct Base-
line. We evaluate Qwen3-VL-8B, our underlying visual-language backbone, af-
ter supervised fine-tuning on our dataset. This quantifies the backbone model’s
foundational ability to perform our task without the addition of our proposed
hierarchical structural design and long-term memory tuning.
Main Results. Table 1 shows that our method consistently outperforms the
remaining baselines on the fine-grained levels (Instrument and Triplet) across all
metrics, demonstrating the effectiveness of memory-guided hierarchical reasoning
for local, interaction-centric evidence. In contrast, Phase-level grounding is less
improved and can be lower than Qwen3, suggesting that coarse workflow stages
rely more on global temporal priors and long-range context than on local visual-
memory cues emphasized by our design.
Impact of Memory-Guided Architecture. Removing the lightweight MLP
memory heads (“Ours (w/o Mem)”) leads to a substantial performance degra-
dation across all semantic levels, particularly in boundary-heavy instrument lo-
calization. This confirms that explicitly maintaining and querying an internal
temporal memory provides crucial historical context, effectively mitigating tem-
poral forgetting and hallucination over lengthy surgical videos compared to re-
lying solely on standard LLM self-attention.
Analysis of the Theoretical Bottleneck. To isolate our system’s learning
bottleneck, we evaluate an oracle setting (“Ours (w/ GT Mem)”) injected with
actual ground-truth memory observations. With oracle prompts, phase mIoU in-
creases to 67.67%, surpassing all baselines, while fine-grained instrument perfor-
mance remains largely unchanged. This contrast yields a key insight: fine-grained
localization in our framework primarily depends on immediate visual features
that our model already reliably captures, whereas accurate macro-level phase
grounding is fundamentally bottlenecked by the quality of historical context
compression. Bridging this semantic gap between predicted and actual memory
presents values for future improvements.

4 Conclusion and Future Work

In this work, we introduce a novel research problem of Surgical Video Temporal
Grounding (SurgVTG) and establish HMS-SurgVTG, a new benchmark dedi-
cated to localizing hierarchical procedural events in long-form surgical videos.
To address long-range temporal dependencies and cross-chunk continuity issues,
we propose a memory-augmented VLM framework explicitly designed to retain
global procedural context, enhancing the effectiveness in temporal grounding of
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surgical videos. For future work, first, we can develop adaptive reasoning mecha-
nisms to dynamically adjust attention resolution across different semantic hierar-
chies, accelerating the learning process while preserving fine-grained localization
precision. Second, SurgVTG can be systematically expanded by broadening its
scope to include diverse surgical modalities, and by advancing its task complex-
ity to support critical intraoperative sub-tasks, such as the temporal grounding
of bleeding and adverse events.
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