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Abstract. Video Temporal Grounding (VTG) localizes the temporal
boundaries of a query-relevant moment in long, untrimmed videos, mak-
ing video-language-model pipelines prohibitively expensive. While recent
training-free visual token pruning has shown success in video question
answering, naively applying these objectives to VI'G often causes drastic
degradation, as VTG crucially depends on boundary-sensitive evidence
and cross-frame reasoning chains. We therefore identify two VT G-specific
pruning principles: Evidence Retention (ER), which keeps query-critical
patches especially around event boundaries, and Connectivity Strength
(CS), which preserves token-level cross-frame connectivity for long-range
evidence aggregation. Building on these insights, we propose SemVID, a
training-free pruning framework that constructs a compact yet coherent
token subset with complementary semantic roles. SemVID first allocates
per-frame token budgets by balancing query relevance and inter-frame
variation to avoid over-pruned or token-empty segments, and then se-
lects three types of tokens: object tokens for diverse query-critical ev-
idence, motion tokens to capture meaningful transitions and serve as
cross-frame relays, and a small set of context tokens for scene continuity.
Extensive experiments on VT'G benchmarks show that SemVID achieves
a strong accuracy-efficiency trade-off, retaining up to 95.4% mlIoU with
only 12.5% visual tokens and delivering up to a 5.8x prefill speedup,
consistently outperforming prior methods under the same budgets.

Keywords: Video Temporal Grounding - Visual Token Pruning

1 Introduction

Video Temporal Grounding (VTG) aims to localize the start and end timestamps
of a moment in an untrimmed video that matches a language query [10,29,39,
54]. As a core capability for practical video interaction, VI'G supports moment
retrieval, highlight discovery, and query-driven video summarization, where users
need to quickly jump to the exact moment of interest [24,26]. Recently, VTG
methods have begun to leverage Video-Language Models (VLMs), benefiting
from their strong cross-modal understanding and reasoning ability, and have
achieved promising performance on diverse VTG benchmarks |8, 24].

Despite recent progress, deploying VLM-based VTG remains expensive. A
video is typically tokenized into thousands of patch tokens, and the attention cost
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Fig. 1: Comparison between existing pruning objectives and SemVID for VTG. (a)
Performance comparison between VI'G and VideoQA tasks. (b) Diagnostics of pruning
objectives on evidence retention and cross-frame connectivity. (¢) VTG requires long-
range evidence aggregation rather than a single informative frame. SemVID preserves
both query-critical evidence and transition relays to connect evidence across frames.

scales quadratically with sequence length [11,35,38]. This challenge is amplified
for long videos: precise boundary localization often requires dense sampling [40],
yet increasing the sampling rate quickly makes prefill consumption prohibitive.

As described in [17,18], many visual tokens are redundant and contribute lit-
tle to performance and thus can be safely removed without compromising accu-
racy. This naturally motivates training-free visual token pruning to reduce com-
putation. However, pruning strategies designed for VT'G remain under-explored.
In practice, existing training-free pruning baselines are borrowed from Video
Question Answering (VideoQA) and can be categorized by their objectives into
Visual Redundancy (VR), Visual Saliency (VS), and Query Relevance (QR).

A straightforward attempt is to directly apply these VideoQA pruning objec-
tives to VI'G. While effective for perception-oriented tasks (e.g., object/attribute
recognition) that can often be answered from a single informative frame [13, 20,
43], VTG fundamentally differs: it requires temporally coherent evidence to lo-
calize event boundaries and to reason about how events evolve over time [8,44].
As a result, naively transferring VideoQA pruning tends to discard temporally
critical cues and leads to severe performance drops, as shown in Fig. 1(a).

This mismatch can be understood through the lens of VT G-specific require-
ments. VR removes duplicate content by merging or discarding visually similar
tokens. While effective for compression, its query-agnostic criterion can suppress
small yet decisive evidence near event boundaries [4]. VS prioritizes salient re-
gions, but saliency often concentrates tokens on a few standout frames, leaving
large portions of the timeline underrepresented [34]. This produces insufficient
temporal coverage and weakens the evidence continuity, making it difficult to
track evolving events. QR keeps tokens most similar to the query. However, it
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often repeatedly selects the same locally relevant regions, producing fragmented

glimpses that miss the state transitions and disrupt cross-frame reasoning [9,19].

Motivated by these observations, we argue that effective pruning for VI'G
should satisfy two objectives: Evidence Retention (ER) and Connectiv-
ity Strength (CS). ER aims to preserve query-critical evidence patches, espe-
cially those around temporal boundaries. CS requires that the retained tokens
remain well connected across frames so evidence can be aggregated along the
video timeline. From an attention-graph perspective, query-conditioned signals
are extracted through cross-attention and propagated across frames and lay-
ers via stacked self-attention as multi-hop message passing [1]. Pruning alters
the graph topology by removing nodes and edges. If boundary-critical evidence
tokens or intermediate relay tokens are dropped, the evidence chain becomes
fragmented, impeding long-range temporal aggregation and degrading ground-
ing accuracy [7,53]. The more details are demonstrated in Fig. 1(c).

To address the aforementioned challenges, we propose SemVID), a training-
free pruning framework tailored for VI'G. SemVID explicitly optimizes ER and
CS by constructing a compact set of tokens with complementary semantic roles.
Concretely, SemVID first assigns each frame a token budget that balances query
relevance and inter-frame variation, preventing empty or over-pruned segments
in long videos. It then identifies three types of tokens: (i) object tokens that
preserve diverse query-aligned evidence for ER; (ii) motion tokens that cap-
ture meaningful temporal changes and act as cross-frame relays for CS; and (iii)
a small number of context tokens as stable anchors to maintain scene continu-
ity. As reflected in Fig. 1(b), SemVID achieves strong performance on both ER
and CS, and accordingly, these role-aware tokens form a compact yet coherent
evidence chain that keeps evidence both present and traceable while substan-
tially reducing visual tokens (Fig. 1¢). Extensive experiments demonstrate that
SemVID achieves a strong accuracy-efficiency trade-off on VT'G, retaining up to
95.4% mloU with only 12.5% tokens while delivering a 5.8 x prefill speedup, out-
performing prior training-free pruning objectives under the same token budget.

Our contributions are as follows:

— We identify that VT G-oriented pruning should follow objectives, Evidence Re-
tention (ER) and Connectivity Strength (CS), which are crucial for preserving
boundary-critical evidence and maintaining cross-frame reasoning chains.

— We propose SemVID, a training-free pruning framework tailored for VTG,
which explicitly optimizes ER and CS by constructing a role-aware token set
that preserves query-critical evidence and maintains cross-frame connectivity.

— We demonstrate a strong accuracy-efficiency trade-off on VI'G benchmarks,
consistently outperforming prior methods under the same token budgets.

2 Related Work

Training-Free Pruning for VLMs. Modern VLMs tokenize videos into dense
patch tokens [11], resulting in long visual sequences and quadratic attention
cost [38]. This motivates training-free token pruning to accelerate [48]. However,
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pruning for VT'G is particularly challenging. Unlike coarse VideoQA, VTG re-
quires long-range evidence that is both retained and temporally traceable [8,44].
Aggressive pruning can appear safe on coarse QA yet fail on localizations [12].

Visual Redundancy. VR reduces duplicate content by merging or discard-
ing redundant tokens. PruneVid [16] clusters frames into scenes and compresses
static tokens within each scene. FastVID [34] further preserves spatiotemporal
structure during compression. ToMe [4] merges similar tokens around fixed an-
chors. TokenSculpt [28] introduces structure-aware merging to better respect
video geometry. However, VR is typically query-agnostic and tends to remove
boundary-sensitive transition cues. We mitigate this via role-aware token allo-
cation, preserving query-critical objects and transitions to safeguard evidence.

Visual Saliency. VS ranks tokens by saliency or attention and keeps the top
ones [9,34,52]. FastVID computes saliency by vision-encoder attention [34]. How-
ever, attention-based scores can be unstable and biased by attention sinks [23,45],
leading to the selected tokens not corresponding to semantically informative re-
gions [15,42,48]. Importantly, VS often concentrates tokens on a few dominant
frames and causes token-empty gaps that break evidence chains. We address
this with a lightweight budget-allocation prior that reserves per-frame tokens to
maintain temporal coverage and continuity.

Query Relevance. QR conditions retention on the query, typically by query-
token similarity or cross-modal attention. PruneVid combines redundancy reduc-
tion with question-guided selection [16]. IVTP first estimates intra-vision impor-
tance and then filters tokens with instruction-related semantics [15]. LGTTP in-
creases token density for temporally relevant segments based on query cues [19].
Despite their appeal, attention-based relevance can be biased by attention sinks
and may even underperform simple baselines [41,42,52]. Furthermore, it tends
to extract scattered local patches across frames, leading to fragmented evidence
and weakened cross-frame connectivity for multi-hop reasoning [1]. To avoid
sink-induced bias, we use simple query-token similarity, whose effectiveness has
been widely validated in other fields [21,30,31]. Moreover, we promote diversity
to avoid repeatedly selecting the same regions, reducing fragmented glimpses.

3 SemVID

3.1 Problem Definition

We consider a Video-Language Model (VLM) that encodes a video into patch
tokens and then performs question-answering with a language query. Given a
video with T frames, each frame is tokenized into P visual tokens, producing
token embeddings Vpatch € RT*PXD where D is the dimension of hidden states.
We also compute a frame-level global feature by applying mean pooling to the
patch dimension, forming Vg, € RTXP The query is represented by token em-
beddings Q@ € R¥*P where N is the query token length. For VLM processing,
the queries are combined with different instructions depending on the task.

Video Temporal Grounding. Given a video and a query describing an
event, VI'G aims to localize the start and end timestamps of that event.
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Fig. 2: Overview of SemVID semantic-oriented pruning. (a) Frame-level budget al-
location: assigns per-frame token budgets by jointly considering query-frame relevance
and inter-frame variation. Given per-frame budgets, SemVID then outputs three roles of
tokens. (b) Object token: uses Maximal Marginal Relevance (MMR) to retain query-
relevant yet diverse evidence. (¢) Motion token: retain query-aligned transitions as
relay nodes to bridge long-range evidence and preserve connectivity. (d) Context to-
ken: selects per-frame anchors by scene-level representativeness and saliency.

SemVID Overview. Given a retention ratio r, we select a subset of visual
tokens V' such that [V'| = r(T'P) without compromising performance. As shown
in Fig. 2, SemVID first performs frame-level budget allocation to distribute the
budget across T frames, producing per-frame token quotas {k()}7_,. Given these
budgets, we then conduct role-aware semantic token selection within each frame.
Since object tokens localize query-critical evidence, we first allocate ak(® slots to
object tokens, where a balances evidence preservation and connectivity. We then
use the remaining (1 — oz)k(t) — keix slots for motion tokens to bridge evidence
and finally reserve k.ix context tokens as auxiliary anchors.

3.2 Frame-Level Budget Allocation

SemVID balances two objectives derived from the attention graph: (1) evidence
localization, which prioritizes frames where the query injects evidence; and (2)
evidence connectivity, which emphasizes transition-rich frames that serve as tem-
poral relays between evidence-bearing moments. This connectivity-aware alloca-
tion is particularly important for VT'G, as precise boundary localization depends
on linking evidence through intermediate state changes rather than fragment
frames. More discussion on these objectives is recorded in Appx. A.1.
Evidence Localization. To quantify which frames are more likely to contain
query-critical evidence, we use a lightweight query-relevance over frame features:

1 ~ ~
si =~ VQT, (1)
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where V;ltg € R? and Q € RV*P denote normalized features of each frame and
query tokens. This formulation yields a normalized injection prior to frames,
indicating the relevance between the query and each frame.

Evidence Connectivity. We also allocate budget to transition-rich frames
critical for connecting long-range evidence flow. A cheap proxy is used to localize
intermediate frames by measuring the temporal change of frames:

) =)
(t) HV glb H t Z 27 2
SECH t=1.

Large s( ) ¢ suggests a likely state transition, which serves as intermediate evidence
needed for connectivity. We allocate more tokens to such frames to preserve
transition cues and keep the multi-hop evidence path continuous.

Budget Allocation. Given a retention ratio r, we keep |V'| = r - (TP)
tokens in total. We compute a mixed per-frame weight by

w“—ozs%i—i—(l—a)s%é (3)
We reuse « to balance query relevance and transitions. To avoid token-empty
frames, we use a per-frame floor k.. The final per-frame budget is
()

KO = (K — Thegx) - ———— + ket 4
( t) ZZT:1,LU(Z) t ( )

This allocation mainly follows the weight w®), while ke serves as an auxiliary
safeguard for per-frame context coverage crucial for evidence preservation.

3.3 Object Token

To localize evidence, a natural strategy is to retain the tokens that the query
attends to. However, attention-based query relevance methods that compute
cross-attention over all patches require materializing large attention maps, which
introduces substantial overhead and becomes prohibitive for long videos.

In our attention-graph formulation, the query-to-vision interaction is charac-
terized by an evidence injection distribution 7v(9), which measures the probability
mass assigned by the query to each visual patch via cross-modal attention (see
Appx. A.3). We use a lightweight query-to-patch relevance score sey; as an ef-
ficient estimator of 7(9), following the spirit of Eq. 1 but on patch features:

1 ~ ~
Sevi = N . VpatchQT c RTXP' (5)

Sevi assigns higher scores to patches that are more likely to be attended by the
query, serving as candidate evidence for grounding.

However, directly taking the top-k tokens is prone to redundancy. Since high-
scoring patches often cluster around the same object across nearby spatial loca-
tions, leading to near-duplicate selections that waste budget and reduce semantic
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coverage. We therefore adopt Maximal Marginal Relevance (MMR) to balance
query relevance and non-redundancy: at each step, it selects the candidate patch

pObJ) for frame ¢ that maximizes

*(t) _

(t,p)
Popj = arg meaéc Ammr © S

evi

t, t,p')T
(1= Ae) - max (VRG] ©)

where C is the candidate patch index set at ¢, S is the already selected patch in-
dex set, V(t’pil is the normed feature of the patch p at frame ¢, and Ay € [0, 1]

atc
controls the trade-off. By penalizing candidates highly similar to previously se-
lected tokens, MMR produces a compact yet diverse set of query-relevant object

evidence. The detailed efficient algorithm is recorded in Appx. B.

3.4 Motion Token

Object evidence is necessary but not always sufficient for VT'G. Precise temporal
grounding also requires capturing the state transitions around the boundary
and maintaining a traceable path that links evidence across frames. To support
such temporal traceability, SemVID introduces motion tokens as explicit relay
evidence to capture state changes and facilitate cross-frame routing.

In dot-product attention, a token routes less mass to tokens with low feature
similarity. Consequently, long-range evidence propagation is most likely to bot-
tleneck at frames where the visual state changes sharply. We therefore identify
motion tokens from regions with strong temporal feature variation by scoring

each patch with a cheap token-level difference mP),

mot *
Vo™ = Viuiea 2 t=1,
Mgt = 3 Vit = Vo™l t=T. (1)
31Vt = Vo™l + 1V = Visialle) - otherwise.
Large mffl’ft) indicates a strong local transition, where temporal connectivity

is typically most fragile. Identifying such regions helps bridge evidence across
frames. A formal definition of temporal connectivity is provided in Appx. A.3.

Since motion alone may be dominated by camera jitter or background changes,

we make motion selection query-aware by fusing motion with query relevance:

sﬂka—mﬁwﬁmgwmfy 8)
ge

‘We keep the top- kfnz)t tokens according to sgnot), which prioritizes query-relevant

transitions while suppressing irrelevant background motion.

3.5 Context Token

Without context anchors, pruning can create token-empty gaps or overly query-
centric evidence, both of which distort temporal reasoning. To keep each frame
interpretable, we retain a small set of query-agnostic context tokens.
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First, we select a proto token py, ., that best represents the frame background
by matching the frame-global mean feature:
*(t) ) pr(OT (9)

pproto = arg pE?llaXP} patch " glb

Then, to complete the context budget joct(x)7 we select the remaining ke — 1

tokens by a lightweight saliency score s(t’p ) = Vp(;fi ) yielding:
P = { o | U ToDK ({ gt’P)} [ e — 1> : (10)
p=

where TopK(-, k) returns the indices of the k largest scores. Although we keep
only a few context tokens per frame, they are vital for perceiving coherent context
and scene changes, avoiding fragmented reasoning.

3.6 Evaluation Metrics

Pruning removes nodes and edges in the attention graph, which can degrade both
evidence propagation and cross-frame connectivity that are essential for VTG.
We therefore characterize the quality of the pruned graph with two measurable
quantities: Evidence Retention (ER) and Connectivity Strength (CS).
Evidence Retention. We measure ER by comparing the pre-pruning evi-
dence landing map 71'%1111)1 with the post-pruning one 7!, where w1 is the dis-
tribution of patches that the query ultimately routes to in the attention graph.
Direct cross-entropy is ill-defined because pruned tokens receive zero probability
mass, which can lead to infinite values. We therefore first compute the retained

evidence mass p = »_ ﬂ‘&)l(v), and define ER as the negative cross-entropy:

p-w<1><v>, vev,

ER = exp ( Zﬂ'f W) logw M (), aW(w) =4 1_ ,
1%

% |V \ V,| v ¢ )

(11)
where V' C {Vp(,;t’i})17 <oy Viaten | is the retained token set. We exponentiate the
negative cross-entropy so that ER is bounded in (0, 1], where higher ER indicates
that pruning preserves a larger portion of query-induced evidence distribution.

Connectivity Strength. To quantify whether pruning preserves a trace-
able evidence chain, we measure how much attention mass can be routed across
adjacent frames. At layer ¢, we define the cross-frame routing mass from frame

t to t+1 as TS (t) = D usev Zujev;+1 P® (u; — u;), where V; denotes the re-
tained tokens in frame ¢ and P() (u; — ;) is the layer-¢ routing probability (i.e.,

the attention-based transition mass) from token u; to token w; in the attention
graph. The detailed implementation of P (u; — u;) is provided in Appx. A.2.

(T,P)

240
241

242

244

245

247
248

271



272

301
302
303
304
305
306
307
308
309
310

ECCV 2026 Submission #5912 9

We then aggregate I © (t) over time and layers to obtain CS:

L T-1

cs(V) = % S i, (12)

(=1 t=1

where L is the layer amount. Intuitively, larger F](f) (t) means stronger temporal
links, enabling multi-hop propagation to connect evidence over longer horizons.

4 Experiments

4.1 Experimental Setting
Benchmarks. We evaluate SemVID on Video Temporal Grounding (VTG) in

272

274

275

276

277

278

two standard long-video grounding benchmarks, Charades-STA [36] and ActivityNet-279

Grounding [5]. In the appendix, we also evaluate VideoQA on Video-MME [13]
and LongVideoBench [43]. The details of benchmarks are recorded in Appx. C.
Metrics. Following [32,50], we report mean Intersection over Union (mIoU) and
R1 at tIoU thresholds m€{0.3,0.5,0.7}. TFLOPs are estimated for efficiency.
Implementation Details. We set up a unified evaluation protocol for fair
comparisons detailed in Appx. C. SemVID is evaluated on Qwen3-VL-4B/8B-
Thinking [47], Qwen2.5-VL-7B-Instruct [3], and LLaVA-OneVision-7B [22]. To
our knowledge, this is the first study of pruning on Qwen3-VL. We also adapt
FastVID [34] and VisionZip [48] to Qwen3-VL as baselines. Unless noted, we set
a=0.6 (Eq. 3), Anmr = 0.8 (Eq. 6), 8 =0.5 (Eq. 8), and k.x = 3 (Eq. 10).

4.2 Comparisons with State-of-the-Art Methods

Qwen3-VL. Tab. 1 shows that our Qwen3-VL-based SemVID consistently
achieves the best accuracy-efficiency trade-off across model sizes and budgets.
Under an extremely aggressive 12.5% budget, SemVID retains up to 95.4% of
the original mIoU while largely preserving performance at high ToU (R1@0.7),
indicating precise boundary localization rather than coarse retrieval.

A key observation is that the gap between methods is well explained by
our two attention-graph diagnostics: Evidence Retention (ER) and Connectivity
Strength (CS). VisionZip, a redundancy-driven approach, tends to over-merge
temporally adjacent visual states, which both suppresses boundary-critical ev-
idence for VI'G and removes intermediate relay tokens, leading to pronounced
degradations in ER and CS. In contrast, FastVID is saliency-driven and bet-
ter preserves graph connectivity, but it concentrates the limited budget on a
small set of anchor frames, leaving boundary-adjacent evidence sparsely repre-
sented and reducing effective ER. SemVID, instead, explicitly allocates tokens
to both query-relevant evidence and high-variation transition frames, thereby
constructing a comprehensive and temporally continuous evidence chain that
jointly sustains ER and CS under aggressive pruning.

At 25% retention, SemVID approaches near-lossless compression on both
benchmarks, retaining up to 96.9% of the original mIoU. This strong retention
further validates that preserving both ER and CS is crucial for VTG.
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Qwen2.5-VL. We further evaluate SemVID on Qwen2.5-VL-7B under a 12.5%
visual-token budget in Tab. 2. SemVID again achieves the best overall perfor-
mance on both Charades-STA and ActivityNet, and the results suggest that
VTG accuracy strongly correlates with jointly high ER and CS. Existing base-
lines largely overlook temporal connectivity, whereas SemVID explicitly opti-
mizes it and improves CS by 23.9% over VisionZip (20.1 to 24.9). Importantly,
several query-driven baselines are not deployable on long videos because they re-
quire materializing full cross-attention weights, leading to out-of-memory errors.
SemVID avoids this overhead by relying on lightweight similarity and temporal-
difference proxies, making it practical for long-video inference.

We additionally vary the retention ratio and plot the mIoU trends in Fig. 3.
SemVID shows a markedly slower degradation under aggressive pruning, indi-

‘ ActivityNet-Grounding ‘ Charades-STA
Method ‘ R1@0.3 R1@0.5 R1@0.7 mloU (%) | ER CS ‘ R1@0.3 R1@0.5 R1@0.7 mloU (%) | ER CS
Qwen3-VL-4B, Retain 12.5% Tokens
Qwen3-VL-4B 54.60 37.54 23.74  40.33 100 | le* 64.4 79.62 65.99 40.81 56.07 100 | le* 81.5
VisionZip [48] 26.02 15.85 9.58 19.89 493 | 1.6 224 56.91 37.20 16.72  36.83 65.7 | 3.0 26.4
FastVID [34] 45.70 29.32 17.30  33.16 822 | 3.0 39.7| 55.33 33.32 1547 3598 64.2 |29 29.8

SemVID (ours) | 51.96 34.73 22.18 38.49 95.4 4.5 31.6 | 74.17 56.91 30.67 49.89 89.0|5.6 33.5

Qwen3-VL-4B, Retain 25% Tokens

Qwen3-VL-4B 54.60 37.54 23.74  40.33 100 | le* 64.4 | 79.62 65.99 40.81  56.07 100 | le* 81.5
VisionZip [48] 30.74 19.62 12,15 23.30 57.8 | 2.8 30.8 | 64.11 47.28 23.79  43.09 769 3.6 473
FastVID [34] 46.54 30.24 18.42  34.33 85.1 | 3.8 57.3| 57.93 39.63 19.52 3813 68.0 | 3.1 53.7

SemVID (ours) | 52.84 35.68 22.51 39.06 96.9 6.5 552 | 76.91 61.08 33.17 52.31 93.3|9.8 56.1

Qwen3-VL-8B, Retain 12.5% Tokens

Qwen3-VL-8B 52.86 35.81 22.86 39.10 100 | le* 94.7 | 80.03 66.59 4220 56.67 100 | le* 121.5
VisionZip [48] 10.43 6.18 3.91 812 20.8 | 1.0 143 | 2143 15.73 7.69 1452 256 | 1.1 17.7
FastVID [34] 40.53 26.16 1591  30.61 783 | 3.5 284 | 52.84 35.58 16.36 3526 62.2 | 2.8 26.7

SemVID (ours) | 48.32 31.93 20.47 36.21 92.6 | 6.8 29.0 | 73.45 56.24 31.11 49.93 88.1|5.7 30.5

Qwen3-VL-8B, Retain 25% Tokens

Qwen3-VL-8B 52.86 35.81 22.86  39.10 100 | le* 94.7 | 80.03 66.59 4220 56.67 100 | le* 121.5
VisionZip [48] 14.24 8.95 5.63 1092 279 |18 20.1 | 36.13 28.31 15.86 24.96 444 |29 218
FastVID [34] 41.73 27.23 16.93  31.63 80.9 | 3.9 45.8 | 55.38 38.58 1949 3712 655 | 3.5 242

SemVID (ours) | 50.30 33.49 21.50 37.54 96.0 8.8 51.2| 76.30 60.11 34.55 52.66 93.0|9.5 51.6

Table 1: VTG results with Qwen3-VL under 12.5% and 25% visual token retention.
Percentages are relative to the original. Evidence Retention (ER) and Evidence Reten-
tion (CS) are attention graph metrics introduced in Sec. 3.6. The unit for ER is le™*.

‘ ActivityNet-Grounding ‘ Charades-STA
Method | R1@0.3 R1@0.5 R1@0.7 mloU (%) |ER CS |R1@0.3 R1@0.5 R1@0.7 mloU (%) |ER CS

Qwen2.5-VL-7B, Retain 12.5% Tokens

Qwen2.5-VL-7B 29.22 15.77 7.49 22.25 100 | le* 71.8 | 77.39 59.33 33.82 56.85 100 |le* 90.9

FastV [9] Out-of-Memory (OOM) - - Out-of-Memory (OOM) - -

VScan [51] Out-of-Memory (OOM) - - Out-of-Memory (OOM) - -

DART [42] 16.04 8.24 4.06 12.38 55.6 | 2.7 14.3 | 35.65 25.19 12.85  24.30 42.7 |28 15.7
ToME |[4] 20.22 10.24 4.44 15.86 71.3 | 3.8 18.3 | 43.46 29.08 14.62 2993 52.6 | 3.3 20.7
TokenSculpt [28] 20.67 10.54 4.73 16.20 72.8 | 41 18.8 | 44.19 29.19 14.81  30.08 529 |3.6 214
FastVID [34] 20.89 10.53 4.66 16.28 73.1 | 3.9 22.7 | 44.08 29.96 15.68  30.57 53.8 | 3.7 21.9
VisionZip [48] 20.87 10.51 4.65 16.33 733 | 4.3 189 | 50.13 33.27 15.88  33.51 589 | 4.1 20.1

SemVID (ours) | 21.74 10.69 4.63 17.21 77.4|4.5 23.1| 54.01 35.67 18.23 36.54 64.3 | 4.2 24.9

Table 2: VTG results with Qwen2.5-VL under 12.5% retention. FastV and VScan
materialize full self-attention matrix and lead to OOM in long videos.
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Fig. 3: mloUs on Charades-STA under Fig. 4: Position-ID trajectories before
different token retention ratios. and after pruning. Pruning alters the
trajectory relative to the original.
‘ Charades-STA
Method SBA STI|R1@0.3 R1@0.5 R1@0.7 mloU (%) | ER CS
Qwen3-VL-4B - - 79.62 65.99 40.81  56.07 100 | le* 81.5
Sampling with Fixed-Interval 61.18 43.60 20.16  39.80 71.0 | 2.8 32.0
Random Sampling 63.98 44.67 21.10 41.76 744 | 3.0 27.7
(a) Sampling with Query-Relevance 67.31 49.56 25.88 4497 80.2 | 5.5 20.6
Semantic Budget, Random Selection v 66.25 47.68 23.79 4326 772 | 3.6 28.1
Uniform Budget, Semantic Selection v 73.01 54.91 29.60 48.50 86.5 | 5.1 33.2
Full, Semantic Budget and Selection Vv v 74.17 56.91 30.67 49.89 89.0|5.6 33.5
Qwen3-VL-4B - - 79.62 65.99 40.81  56.07 100 | 1e* 81.5
(b) FastVID [34] 55.33  33.32 1547 3598 642 |29 29.8
FastVID + Our Semantic Budget v 73.69 55.57 29.79 48.88 87.2|5.3 26.4

Table 3: Ablation results on Semantic Budget Allocation (SBA) and Semantic Token
Identification (STI). (a) Comparison with different sampling strategies. (b) Implement-
ing our budget allocation module into FastVID.

cating that semantic evidence allocation is particularly effective when the token
budget is the bottleneck under the realistic regime for long videos.

Furthermore, we observe that Qwen2.5-VL suffers a larger pruning-induced
performance drop than Qwen3-VL. A plausible reason is the positional encoding.
Qwen2.5-VL relies on RoPE [37], and irregular token retention can distort the
position-ID trajectory (Fig. 4), introducing and amplifying bias in timestamp
perception [12,49]. In contrast, Qwen3-VL uses explicit timestamp tokens before
each frame, making temporal cues more robust to pruning.

4.3 Ablation Study

Budget Allocation (BA). Comparing Random Sampling with Semantic Bud-
get, Random Selection in Table 3(a), BA improves the retained mIoU by 2.8%
and boosts ER from 3.0 to 3.6. Since within-frame token selection remains ran-
dom, this gain isolates the contribution of frame-level budget allocation. Specif-
ically, BA introduces a lightweight prior to estimate per-frame information den-
sity, thereby increasing the likelihood of retaining query-relevant evidence and
improving ER. Moreover, it prevents the budget from collapsing onto a few
salient frames by allocating tokens to boundary-adjacent and transition mo-
ments, which helps preserve temporal connectivity and thus maintains CS.
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‘ Charades-STA

Method | mIoU (%) |ER CS
Qwen3-VL-4B | 56.07 100 | 1e' 8L5 | CharadesSTA

(ay Attention Sclection 46.57 83150 328 Method | mloU (%) |[ER CS
Relevance Selection 49.89 89.0 | 5.6 33.5 Qwen3-VL-4B ‘ 56.07 100 ‘ 1e* 81.5
Ammr = 1 (w/0 MMR) 49.44 88.2 | 5.4 33.3 (a) B=0 (W/'O query_aware) 49.04 8751|155 32.1

(b) Ammr = 0.8 49.89 89.0 [5.6 335 8—05 49.89 89.0|5.6 33.5
Amnmr = 0.6 4925 878 |53 33.9

- - - ketx = 0 (w/o Ctx. Token) | 49.20 87.7 | 5.6 31.9

« i 0 (w/o Obj. Token) -1‘)438 88.2 | 5.4 (b) Eetx = 1 (proto only) 49.35 88.0 | 5.6 32.4
“*gi 13'?3 ZZ: 52 33.7 Ketx = 3 49.89 89.0|5.6 335
a=0. N . 5. _ % =

© S0 1589 89.0 |50 kewx = 10 . 48.?2 86.5 | 4.8 34.6
a=08 49.56 88.4 | 5.6 Table 5: Ablation on motion and context
@ = 1.0 (w/o Mot. Token) | 48.11 858 | 5.7 token selection. (a) Different query-aware

T‘f“ble 4: Ablat.ion on Obje.Ct tokens. (a) weights in background change suppression
Different selection strategies. (b) Effec- (Eq. 8). (b) Different context token selec-

tiv?ness Of_ MMR (Eq. 6) (c) Different tion strategies (kctx in Eq. 10 and the proto
object-motion token ratios (Eq. 3). token in Eq. 9).

To test generality and modularity, we plug our BA into FastVID in Ta-
ble 3(b), which substantially improves retained mIoU from 64.2% to 87.2%. As
shown in Fig. 6, FastVID relies on sparse anchor frames, which over-compresses
boundary-adjacent moments, blurs transition cues, and fragments the tempo-
ral evidence chain. Our BA reallocates tokens toward query-relevant and high-
variation transition frames and thus improving boundary evidence coverage.

Semantic Token Identification (STI). Table 3(a) shows that under a uni-
form per-frame budget, replacing fixed-interval sampling with STI improves the
retained mIoU by 8.7%. This indicates that once temporal coverage is fixed,
token selection becomes the dominant factor: STI prioritizes query-aligned ev-
idence while avoiding redundant selections, thereby significantly increasing ER
without collapsing CS. Combining BA and STI yields the best results, outper-
forming either component alone and retaining 88.1% of the original performance.
It demonstrates that pruning for VT'G requires both BA to maintain frame cov-
erage and evidence-aware STI to preserve diverse evidence and traceable chains.

Object Tokens. Table 4(a) compares two evidence selection strategies. At-
tention selection uses the raw query and key projection matrix from the model’s
first attention block to compute a lightweight cross-attention between the lan-
guage and visual patches. However, attention sinks can bias the weights toward
non-semantic patches, hindering accurate identification of right evidence. In con-
trast, using direct query relevance is both more efficient and more precise for
evidence localization, resulting in a 5.9% gain in retained performance. Fur-
ther, Table 4(b) shows that Maximal Marginal Relevance (MMR) expands the
evidence set to cover complementary object parts and nearby contextual cues,
yielding a denser and more stable evidence extraction, as reflected by higher ER.

Motion Tokens. Ablations on the object-motion ratio in Table 4(c) show
that removing motion tokens causes a clear drop in both mloU and CS. This
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‘ Tokens ‘ TFLOPs ‘ Prefill Time ‘ ActivityNet
Method | # (%) | Value (%) |Pruning LLM Forward Total Speed | mIoU (%)
Qwen3-VL-4B | 10460 100 | 59.4 100 | - 1263.4 1263.4  1x | 40.33 100
VisionZip [48] | 1307 12.5| 4.8 87| 7109 184.3 895.2  1.4x | 19.89 493
FastVID [34] | 1370 13.1| 54 9.1 | 23.8 185.9 209.7 6.0x | 33.16 82.2
SemVID 1307 12.5| 4.8 87| 331 184.6 217.7 58x |38.49 95.4

Table 6: Efficiency Comparison on Qwen3-VL. Prefill time refers to the latency to the
first generated token, which comprises pruning latency introduced by token selection.

supports our claim that VTG is limited not only by the presence of evidence but
also by their connectivity. Our motion tokens serve as relay nodes that strengthen
CS, enabling the model to connect evidence via multi-hop attention. Although
allocating motion tokens consumes a small fraction of the budget, it is crucial
for maintaining a coherent evidence chain, while the majority of tokens should
remain dedicated to object tokens to maximize evidence coverage.

Additionally, Table 5(a) shows that query-aware filtering improves CS by
suppressing background transitions and focusing on query-relevant state changes.

Context Tokens. Varying k.t in Table 5(b) shows that a small number of
context tokens is necessary. Completely removing context anchors hurts evidence
connectivity, while over-allocating context dilutes boundary-critical evidence.
This highlights the intended role of context tokens: that they are not competing
evidence but lightweight anchors that capture global scene context and stabilize
temporal connectivity under aggressive pruning.

4.4 Inference Latency

Table 6 reports an efficiency comparison. SemVID achieves the best accuracy-
efficiency balance: under the same 12.5% token budget, it substantially outper-
forms FastVID and VisionZip in accuracy. In terms of latency, SemVID reduces
the prefill time from 1263.4 ms to 217.7 ms, yielding a 5.8 x speedup over the orig-
inal. Although FastVID shows a slightly lower pruning overhead, this difference
is negligible compared to the dominant LLM forward cost. Overall, SemVID pro-
vides near-FastVID efficiency while preserving markedly stronger performance,
making it a practical choice when both throughput and quality matter.

4.5 Visualization

Fig. 5 qualitatively illustrates SemVID’s role-aware token selection. SemVID re-
tains noticeably more tokens near event boundaries, where state transitions occur
and grounding evidence is most informative. This aligns with the goal of pre-
serving a coherent evidence chain rather than uniformly compressing the video.

We further observe distinct roles for different semantic tokens. Object to-
kens capture query-mentioned entities (e.g., switch, cabinet), treating them as
evidence. MMR (Eq. 6) avoids redundant duplicates of a single object. Motion
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‘person pressed the
switch to turn on a light.”

‘the person takes a bag
from the bottom cabinet”

Fig. 5: Visualization results. blue boxes denote object tokens, Red boxes indicate mo-
tion tokens, and represent context tokens.

tokens concentrate on action regions and often highlight the decisive transi-
tion cues that bridge pre-boundary and post-boundary evidence. Context tokens
cover stable background anchors that help maintain temporal coherence under
aggressive pruning. These qualitative behaviors are consistent with the quanti-
tative ER and CS improvements and the strong VTG performance.

Additional visualizations of the effects of our budget allocation and evidence
retention are provided in Appx. D.

4.6 Discussion

While SemVID preserves the evidence chain with role-aware token selection, a
limitation of our implementation lies in the coarse Budget Allocation (BA). BA
jointly considers the query-frame relevance and inter-frame variation, where the
latter is approximated by frame feature differences. This proxy can be biased by
camera or irrelevant motions and thus absorb part of the budget (Fig. 6), po-
tentially weakening coverage of subtle actions. In practice, the effect is limited
because our allocation enforces per-frame coverage, and subtle actions typically
require a small number of evidence tokens. Moreover, motion tokens are even-
tually filtered by query relevance, which suppresses background transitions and
retains meaningful motion evidence. We report a dedicated analysis of sensitivity
to motion amplitude and include additional evaluation on VideoQA in Appx. D.

5 Conclusion

We revisit training-free visual token pruning for Video Temporal Grounding
(VTG) under an evidence chain formulation and formalize two VTG-tailored
metrics, evidence retention and connectivity strength. We propose SemVID, a
plug-and-play training-free pruning framework that explicitly optimizes these
two objectives. SemVID performs semantic budget allocation and selects a role-
aware token set: object tokens preserve diverse query-aligned evidence, motion
tokens act as query-filtered transition relays, and lightweight context tokens sta-
bilize scene continuity. Extensive experiments demonstrate that SemVID con-
sistently delivers a strong accuracy-efficiency trade-off, retaining substantially
higher performance over strong baselines while significantly accelerating prefill.
By explicitly preserving the right evidence and keeping it connected, SemVID
provides a simple yet effective recipe for making long-video VTG practical.
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Supplementary Material

A Preliminary

A.1 Attention Graph.

To simplify the token-to-token interactions in a VLM, we decompose them
into language-to-vision cross-attention and vision self-attention. For each Trans-
former layer ¢, vision self-attention induces a directed weighted graph G(*) =
(V, €@, w®), where V is the set of visual tokens, £() contains directed token-
to-token edges, and w® assigns a nonnegative weight to each edge. Then we
compute the cross-attention from language tokens Q to visual tokens V. Follow-
ing prior research [, 6], we use the weights in the L-th layer, where L is the
number of layers within a Transformer model, to induce an injection distribu-
tion (X e RVl over V. Intuitively, w(Z) tells where the query reads from the
visual tokens, which is the starting point of evidence.

A.2 Evidence Flow

Given the attention graph at layer ¢, G(©) = (V, JAON w(z)), we define the Markov
transition matrix P € RIVIXIVI whose entries are
w(aui%]‘)

¢ 4
PEJ) = P(ﬁ)(ui%uj) =

b

, 13
Zj’: (ui—uy)€EW wbuig) ( )
where u;,u; € V are patch tokens and (u; —u;) € £X) denotes a directed self-
attention edge from w; to u;. By construction, each row of P® sums to one,
hence P is row-stochastic and specifies how a token probabilistically routes
information to its attended neighbors at layer /.

Let ) denote the evidence distribution over visual tokens at layer £. Start-
ing from the injection distribution (%) induced by cross-attention, evidence is
propagated backward through vision self-attention layers by

7l = pEDT D) c RV =L —1,...,1. (14)

The resulting () is the landing distribution of evidence flow over the input
patch tokens. A larger 7(*)(v) means that token v receives more query-induced
evidence after multi-hop attention routing.

A.3 Cross-Frame Connectivity

VTG requires comparing states before and after a boundary, which relies on
attention paths that connect evidence across time [1,7]. We quantify the cross-
frame routing strength at layer ¢ by the total transition mass from frame ¢ to

t+1:
romw= > > POu—u), (15)
u; €EVi uj EVip1

where V; is the set of tokens in frame t. Low I'“)(t) indicates weak temporal
routing, meaning evidence has difficulty propagating across this boundary.
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B Maximal Marginal Relevance (MMR) Algorithm

In this section, we describe the algorithmic procedure of our Maximal Marginal
Relevance (MMR) selection, which balances query relevance with token diversity
for object evidence. The core idea is to suppress near-duplicate selections and
only allow visually similar candidates when they introduce sufficiently different
semantic information.

Algorithm 1: MMR-based object token selection

Input: Normalized patch tokens {V(t) € RPXP1T+ object budgets

patch
{k:c()i))j}tT:l; trade-off Apmr € [0, 1]; temporal weight n € [0, 1].
Output: Selected indices {S®}E; with |S®| = kégj
1 Compute patch-query similarities sev; by Eq. (5);
2 Initialize S « 0;
3 fort=1to T do

4 Initialize candidates C « {1,..., P} and 8% « {;
5 Initialize max-redundancy vector m[p] < 0, Vp € C;
6 for i =1 to kgtgj do
7 Select p* < arg r;lgcx (Ammr sitv’;')) — (1 = Ammr) m[p]);
8 Update S® < S® U {p*} and C « C\ {p*};
9 Compute similarities between the newly selected token p* and all
candidates by a matrix—vector product: s = V;(:;)tch Vt,p* e RP;
10 Update the running max-sim redundancy:
m[p] < max (m[p], s[p]), Vp € C;
11 end
12 end

13 return {S(t)}le;

A naive MMR implementation recomputes the redundancy term by compar-
ing each candidate with all previously selected tokens, yielding O(T? - P) cost,
where T is the frame amount and P is the number of patches within each frame.
We reduce it to O(T - P) by maintaining a running max-sim vector m/[p] for each
candidate patch p. After selecting a new token p*, we update m incrementally
using a single matrix-vector product and set m < max(m,s).

C Additional Implementation Details

C.1 Benchmarks

Charades-STA [36] contains 3,720 testing queries over 1,334 videos of indoor
activities with around 30 seconds per video. The average sequence length after
tokenization is 3,909 for Qwen3-VL and 5,322 for Qwen2.5-VL.
ActivityNet-Grounding [5] contains 17,031 queries over 4,885 untrimmed
videos, each of which has around 2 minutes describing both indoor and outdoor
activities. The average sequence length after tokenization is 10,460 for Qwen3-VL
and 11,394 for Qwen2.5-VL.
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Video-MME [13] The validation split of Video-MME contains 900 videos (its
long-video subset averages about 40 minutes) with 2,700 multiple-choice QA
pairs. Following prior settings [34], we use the w/o subtitles pipeline.
LongVideoBench [43] consists of 752 long videos (up to 1 hour) and 1,337
questions across 17 fine-grained categories.

C.2 Unified Protocol

Evaluation pipelines for video-VLM pruning vary substantially (prompts, frame
sampling, etc.), which can make comparisons misleading [42]. We introduce
Open Visual-Pruning Suite (OpenVPS), a unified evaluation protocol to en-
able fair comparisons for visual pruning. To reduce evaluation cost, we disable
the model’s thinking-style generation by inserting the </think> token immedi-
ately after the prompt, following the settings in Time-R1 [40]. The prompts we
used are followed by the Qwen3-VL [47], as recorded in Appx. C.4 and C.5.

For preprocessing, we resize videos by setting the shorter side to 480 pixels
for Charades-STA [36] and 256 pixels for ActivityNet [5], since ActivityNet clips
are substantially longer. This follows the standard practice in OpenTAD [25]. We
use the default video loading pipeline of each base model. For Qwen-VL models,
we sample raw frames at 2 FPS and apply 2x2 spatiotemporal merging, resulting
in an effective visual input rate of 1 FPS. Qwen [3] additionally employs dynamic
resolution when the visual token length exceeds a preset threshold, which means
the input resolution is automatically reduced. We keep this threshold at 16,384
to match the vanilla setting. This setting with dense frame sampling aligns well
with temporal grounding tasks. For LLaVA-OneVision, we uniformly sample 32
frames for VideoQA evaluation, following prior work [34].

For VTG, following [32,50], we report mean Intersection over Union (mloU)
and R1 at tloU thresholds m € {0.3,0.5,0.7}, i.e., the percentage of samples
whose predicted segment attains IoU larger than m. Auxiliary, we report accu-
racy for VideoQA in this appendix. For efficiency, we estimate TFLOPs from
the final sequence length and model sizes as detailed in Appx. C.3.

All experiments are conducted on three NVIDIA L40 GPUs (48 GB each).
Evaluation takes approximately 2 GPU-hours (single 1.40) on Charades-STA and
18 GPU-hours on ActivityNet. Enabling thinking-style generation substantially
increases the runtime while yielding only marginal gains in performance [47].

C.3 TFLOPs

Following prior work [9,46], we estimate the theoretical Floating-point Opera-
tions Per Second (FLOPs) of the Video-VLMs. Qwen [3,47] uses Grouped-Query
Attention (GQA) [2] and a SwiGLU-based [33] three-layer feed-forward network.
Accordingly, the per-layer FLOPs of the LLM can be expressed as:

2n.D (hpyd) 4+ 2nD* + 2n?D + 3nDD’, (16)

where n denotes the number of video tokens, D is the hidden size, D’ is the
intermediate FEN width, hy, is the number of key/value heads, and d is the
head dimension.
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C.4 Instruction Prompts for Video Temporal Grounding

Given a textual query: {queryl.
When does the described content occur in the video?

Please return the final timestamps in seconds directly in one

sentence.

C.5 Instruction Prompts for Video Question Answering

Select the best answer to the following multiple-choice question
based on the video. Respond with only the letter of the correct

option.
Question:

Possible answer choices:

{query}

The best answer is:

{choices}

D Additional Experiment

D.1 More Retention Ratio of Qwen2.5-VL-based SemVID on Video
Temporal Grounding

ActivityNet-Grounding

Charades-STA

Method | R1@0.3 R1@0.5 R1@0.7 mloU (%) |ER CS |R1@0.3 R1@0.5 R1@0.7 mloU (%) |ER CS
Qwen2.5-VL-7B, Retain 25% Tokens

Qwen2.5-VL-7B 29.22 15.77 7.49 22.25 100 | 1le* 71.8 | 77.39 59.33 33.82  56.85 100 | le* 90.9
FastV [9] Out-of-Memory (OOM) - - Out-of-Memory (OOM) - -
VScan [51] Out-of-Memory (OOM) - - Out-of-Memory (OOM) - -
DART [42] 17.45 9.11 4.25 13.56  60.9 | 3.4 20.5 | 44.41 30.32 15.46  30.11 529 | 3.6 22.0
ToME [4] 23.45 12.16 5.35 18.34 824 |52 28.2| 57.02 38.74 18.39 3844 67.6 | 49 29.1
TokenSculpt [28] 23.42 12.10 5.34 18.41 82.7 | 5.5 26.6 | 58.06 38.79 19.01  38.78 68.2 | 5.1 28.1
FastVID [34] 22.05 11.40 5.12 17.29 77.7 | 5.0 30.4 | 64.26 43.79 20.83 4199 73.8 |53 33.9
VisionZip [48] 23.92 12.21 5.31 18.64 838 | 5.9 29.3 | 63.25 42.12 20.10 41.49 73.0 |57 313
SemVID (ours) | 25.06 13.07 5.85 19.50 87.7|6.1 33.1| 65.73 45.19 22.00 43.66 76.8|6.0 34.8
Qwen2.5-VL-7B, Retain 33% Tokens

Qwen2.5-VL-7B 29.22 15.77 7.49 22.25 100 | le* 71.8 | 77.39 59.33 33.82 56.85 100 | le* 90.9
FastV [9] Out-of-Memory (OOM) - - Out-of-Memory (OOM) - -
VScan [51] Out-of-Memory (OOM) - - Out-of-Memory (OOM) - -
DART [42] 18.62 9.64 4.39 10.88 48.9 | 1.9 13.6 | 49.81 33.31 1745 3353 59.0 | 3.9 22.8
ToME |[4] 24.13 12.56 5.35 18.84 84.7 | 6.1 343 | 62.15 42.58 20.13 4139 728 |55 352
TokenSculpt [28] 24.95 12.90 5.69 19.40 87.2 | 6.7 36.1 65.43 45.32 22,77 4353 76.6 | 6.2 35.7
FastVID [34] 24.82 12.66 5.51 19.23 86.4 | 6.2 38.2 | 69.41 49.46 24.57 4598 80.9 | 6.4 39.6
VisionZip [48] 25.19 12.92 5.75 19.48 87.5 | 6.8 36.0 | 67.58 47.69 2347 4487 789 |64 36.7
SemVID (ours) | 25.22 13.06 5.79 19.63 88.3|6.9 39.2| 69.39 49.23 24.68 46.12 81.1 | 6.7 40.3

Table 7: VTG results with Qwen2.5-VL under
VScan materialize full self-attention matrix and lead to OOM in long videos.

25% and 33% retention. FastV and

Tab. 7 shows that SemVID remains effective under different pruning rates.
On both Charades-STA and ActivityNet with Qwen2.5-VL, SemVID consistently
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‘ Motion 1, Transition | ‘ Motion 1, Transition 1 ‘ Motion |, Transition | ‘ Motion |, Transition 1

Method | mIoU (%) | mIoU (%) | mIoU (%) | mIoU (%)
Qwen3-VL-4B 46.9 100 37.7 100 42.7 100 30.2 100
FastVID [34] 39.6 84.4 33.8 89.7 34.7 81.3 24.7 81.8

SemVID (ours)
Table 8: Sensitivity analysis of motion amplitude and background transition presence
under 25% retention ratio.

46.5 99.3 35.1 93.1 41.3 96.7 26.9 89.1

delivers strong VTG performance at 25% and 33% token retention, achieving the
best mloU scores and performance maintenance under the same budget. These
results indicate that our semantic evidence allocation is not tuned to a single
compression point but provides a stable accuracy-efficiency trade-off across a
wide range of token budgets.

D.2 Sensitivity Analysis of Motion Amplitude

In this section, we examine whether our motion tokens remain effective when
the target motion is subtle and the video contains strong background or camera
transition artifacts. To identify strong background or camera-induced transi-
tion artifacts, we run PySceneDetect, which computes an inter-frame content-
difference score based on frame appearance changes in HSV space and flags a
scene boundary whenever the score exceeds a threshold. We set the threshold to
a relatively low value of 15 so that camera motion is more likely to be detected
as a scene change. For motion amplitude, we use GPT-4o-mini [27] to classify
each query into small amplitude, large amplitude, or not sure, where the not sure
category is used to alleviate potential bias or noise. We then randomly sample
instances from the Charades dataset and stratify them into four bins formed
by the cross-product of motion amplitude and background transition presence.
Sampling continues until each bin contains 100 instances, yielding 400 instances
in total. This balanced design mitigates distributional skew and enables a direct
comparison of motion-token behavior in the most challenging regime, namely
small motions under strong background transitions.

As shown in Tab. 8, VT'G accuracy is affected more by background transition
artifacts than by action amplitude. For the original setting, introducing strong
transitions consistently causes a large mIoU drop (46.9—37.7 and 42.7—30.2),
indicating that background or camera changes inject substantial noise into tem-
poral grounding.

FastVID [34] mitigates part of this issue by preserving tokens mainly from
sparse anchor frames, which reduces exposure to transition-heavy frames and
thus narrows the discrepancy between transition-present and transition-absent
cases. However, VTG fundamentally relies on temporally adjacent state changes
around boundaries. Aggressively compressing boundary-adjacent moments weak-
ens transition cues and leads to a clear mloU degradation across all settings.

In contrast, SemVID remains consistently strong under all motion and tran-
sition regimes. While our coarse allocation may assign quotas to irrelevant transi-
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| Tokens | TFLOPs | VideoMME
Method Size ‘ # (%) ‘ Value (%) ‘ Short Medium Long Overall (%) ‘ ER CS
Qwen2.5-VL-7B 7B | 13447 100 | 124.0 100 | 76.7 68.2 56.9 67.3 100 | 1e* 66.3
PruneVID [16] 7B 3295 24.5| 23.7 19.1| 67.0 59.4 51.6 59.3 88.1 | - -
FastVID [34] B 3240 24.1| 23.2 18.7| 74.3 61.3 52.8 62.8 93.3 | 5.2 33.0
SemVID B 3222 240 23.1 18.7| 73.8 62.8 524 63.1 93.7|5.4 307

Table 9: VQA results on VideoMME with Qwen2.5-VL-7B under 24% retention.

tions, the subsequent query-filtered motion-token selection suppresses background-
dominated changes and prioritizes semantically meaningful motion evidence.
This yields uniformly high retention, reaching 99.3% in the easiest setting and
maintaining 89.1% even in the most challenging case (Motion |, Transition 1),
demonstrating improved robustness to both subtle actions and strong back-
ground transition artifacts.

D.3 Performance of Qwen2.5-VL-based SemVID on Video
Question-Answering

Although SemVID is primarily developed for VTG, it transfers effectively to gen-
eral VideoQA. As shown in Tab. 9, under a comparable token budget, SemVID
reaches 63.1% overall accuracy on VideoMME with Qwen2.5-VL-7B, outper-
forming representative pruning baseline PruneVID and yielding a modest but
consistent gain over FastVID. Notably, SemVID also achieves higher Evidence
Retention (ER) than FastVID, suggesting that preserving structured evidence
(diverse object evidence, query-filtered motion cues, and context anchors) bene-
fits not only boundary localization but also general perception tasks. Meanwhile,
the relatively smaller role of Connectivity Strength (CS) for VideoQA is expected
since many questions can be resolved from one or a few informative frames rather
than requiring a temporally continuous evidence chain.

Following the evaluation protocol of FastVID [34], which reports Qwen2.5-VL
results only on VideoMME, we restrict Qwen2.5-VL comparisons to VideoMME
to ensure a consistent and fair benchmark.

D.4 Performance of LLaVA-OneVision-based SemVID on Video
Question-Answering

LLaVA-OneVision is a widely used multimodal model with strong image-level
reasoning and a pragmatic video interface, making it a common choice in recent
visual token pruning and efficiency-oriented studies. However, LLaVA-OneVision
is not intended for fine-grained temporal localization. In its standard inference
pipeline, videos are represented by a fixed, sparse set of uniformly sampled 32
frames, and the model does not provide an explicit mechanism to perceive or
output timestamps. This sampling strategy is sufficient for general VideoQA
tasks whose answers can be supported by object-centric cues from key frames,
but it inevitably discards dense motion patterns and long-range temporal de-
pendencies, and therefore no previous study applies LLaVA-OneVision on VTG.
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‘ Tokens ‘ LongVideoBench ‘ VideoMME
Method Size ‘ (%) ‘ Value (%) ‘ Short Medium Long Overall (%)
LLaVA-OneVision-7B 7B 100 56.6 100 70.1 56.6 48.8 58.5 100
FastV [9] B 25.0 56.8 100.4 66.0 54.6 47.2 55.9 95.6
VisionZip [48] 7B 25.0 56.0 98.9 68.9 57.4 47.6 58.0 99.1
PruneVid [16] B 25.0 55.1 97.3 68.8 54.4 47.7 57.0 97.4
FrameFusion [14] 7B 25.0 | 54.8 96.8 68.2 55.7 486 575 983
FastVID [34] 7B 25.0 56.3 99.5 69.9 56.6 47.7 58.0 99.1
SemVID 7B 25.0 56.4 99.7 68.7 57.0 48.7 58.1 994
LLaVA-OneVision-7TB 7B 100 56.6 100 70.1 56.6 48.8 58.5 100
FastV [9] 7B 15.0 51.5 91.0 58.4 51.7 45.4 51.9 88.7
VisionZip [48] 7B 15.0 54.2 95.8 63.8 54.4 48.3 55.5 94.9
PruneVid [16] 7B 15.0 55.6 98.2 67.9 54.3 48.1 56.8 97.1
FrameFusion [14] B 15.0 53.0 93.6 65.8 54.1 46.7 555 949
FastVID [34] 7B 15.0 56.2 99.3 69.3 56.2 47.4 57.7  98.6
SemVID 7B 15.0 56.4 99.7 68.3 56.7 48.7 57.9 99.0

Table 10: VQA results on LongVideoBench and VideoMME with LLaVA-OneVision-
7B under 15% and 25% retention.

To align the evaluation with the backbone’s strengths and ensure a fair com-
parison, we focus on VideoQA for LLaVA-OneVision. Moreover, since motion
cues are underrepresented under sparse frame sampling (32 frames only for a
video of hours length), we set & = 0.9 in Eq. (3) and Apmy = 0.5 in Eq. (6) to
place greater emphasis on object-centric evidence while improving the diversity
of selected semantic cues. This also demonstrates the robustness of our method
across different downstream tasks, as it can be readily adapted by simply ad-
justing the priority of object and motion tokens.

According to Tab. 10, the advantage of our SemVID is most evident on long
videos, largely owing to our designs for the diversity (MMR-based object selec-
tion) and spatially-temporally structure preserving (semantic budget allocation).
In long-form videos, many pruning strategies implicitly concentrate tokens on a
few highly salient or query-matched regions, which leads to evidence collapse.
By contrast, SemVID explicitly selects diverse semantic evidence and spreads
tokens across different objects in different scenes, yielding a compact yet richer
evidence pool that better supports long-range aggregation.

D.5 Visualization to Our Semantic Budget Allocation

Fig. 6 reveals that where and how the retained tokens are distributed over
time is essential. ToMe [4] uniformly pruning spreads tokens over redundant
frames, under-emphasizing boundary-critical moments. VScan [51] relies on rel-
evance-driven selection, which repeatedly picks the same query-related regions
across frames, collapsing diversity and missing transitions. FastVID [34] em-
ploys anchor-based aggregation on salient patches, sparsifying the timeline and
creating token-empty gaps that break cross-frame continuity. In contrast, our
SemVID explicitly assigns budget according to the semantic role of evidence,
resulting in a more structured timeline. It increases token density around the
ground-truth interval to preserve boundary-critical cues while still reserving a
non-trivial budget for intermediate frames.
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Fig. 6: Per-frame token allocation in VT'G. Bar height indicates the number of re-
tained tokens per frame; color denotes the average similarity between tokens re-
tained in the current frame and all retained tokens (darker — more diverse and
less redundant); the red box marks the ground-truth moment. We compare ToMe [4],
VScan [51], FastVID [34], and SemVID (ours).

Crucially, the intermediate allocation is not wasted redundancy. It retains
motion and context semantics that serve as bridges between temporally sepa-
rated object evidence, preventing evidence from becoming fragmented and im-
proving cross-frame connectivity for multi-hop reasoning. This budget allocation
yields a compact yet diverse evidence set (darker colors) without creating token-
empty gaps, which better supports both evidence retention near boundaries and
coherent propagation across frames.

D.6 Visualization of the Evidence Retention

o - - -

Before Pruning

o - - -

SemVID
(ours)

Fig.7: Comparisons of the attention landing distribution 7 (Eq. 14) over input
patches for the query "the person takes a bag from the bottom cabinet” on Qwen3-VL-
4B, shown under different token retention ratios.

808
809

811

812
813

815



816
817
818
819
820
821
822
823
824
825
826
827
828

ECCV 2026 Submission #5912 27

The attention landing distribution 7(!) is derived by injecting query evidence
through the last-layer cross-attention and propagating it backward via cross-
layer self-attention over the vision token graph. The resulting distribution at the
first layer, referred to as the landing distribution, highlights patches that are
most critical to the query. Implementation details are provided in Appx. A.3.

Fig. 7 visualizes the effect of our evidence retention objective. SemVID first
selects object-centric tokens to preserve query-critical evidence and further intro-
duces motion tokens to capture foreground semantic transitions, which jointly en-
courage the attention mass to concentrate on the true evidence regions. Notably,
SemVID assigns substantially higher attention to boundary-defining cues such as
the red bag and the hands while preserving a large fraction of the pre-pruning
attention mass (highlighted by red arrows), whereas other pruning strategies
tend to under-attend these regions.
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