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Abstract

Given a Video Large Language Model (VLLM)
and a pre-recorded video, how can we min-
imize the cumulative inference latency over
future questions? Addressing this is crucial
since VLLMs not only serve a massive vol-
ume of questions over the video’s lifespan but
also incur substantial latency for each question.
Existing methods compress visual tokens gen-
erated from a video to accelerate inference for
each question. However, under aggressive com-
pression ratios, prior approaches suffer from
severe accuracy degradation, still resulting in
high inference latency on each question.

In this paper, we propose DIVE, a visual KV
cache compression method that preserves ac-
curacy even under aggressive compression ra-
tios. To maintain accuracy, DIVE conserves the
temporal context of the input video by evict-
ing KV pairs after the prefill stage, rather than
filtering out visual tokens before the VLLM
processes the tokens through attention mecha-
nisms. DIVE significantly reduces per-question
decoding latency by carefully evicting KV
pairs, thereby achieving low cumulative latency
over a massive volume of questions. Exper-
iments show that DIVE retains 98.2% of ac-
curacy, using only 5% of the KV cache in
Qwen2.5-VL.

1 Introduction

Given a video, how can a VLLM efficiently an-
swer a large volume of questions over the video’s
lifetime? VLLMs achieve strong performance
on question answering with pre-recorded videos
(Maaz et al., 2024). However, as their performance
increases, the size and complexity of VLLMs also
grow (Li et al., 2025; Bai et al., 2025), resulting
in significant inference latency for processing each
question (Di et al., 2025; Wu et al., 2024b). This
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(b) KV pair pruning (DIVE)
Figure 1: (a) Previous methods remove a subset of vi-
sual tokens, discarding their corresponding KV pairs
across all heads and losing some temporal segments. (b)
DIVE evicts KV pairs in head-wise manner, preserving
temporal coverage.

becomes a critical issue in real-world applications
where VLLMs need to answer diverse questions
from numerous users about a given video (Maaz
et al., 2024). To address this challenge, it is es-
sential to compress information so that VLLMs
answer each question with low latency.

KV cache compression is a promising approach
to reduce VLLM inference latency by pruning the
KV cache generated from the video (Qian et al.,
2024). Reducing the amount of the KV cache de-
creases the computation required for each ques-
tion, thereby reducing per-question latency (Li
et al., 2024b). To preserve accuracy after pruning,
it is crucial to identify and remove non-essential
KV pairs (Yang et al., 2024a). Existing methods
identify those by finding non-salient visual tokens
from the video and pruning their corresponding KV
pairs, as shown in Figure 1(a) (Fan et al., 2026).
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However, since this approach completely discards
information from certain parts of the video, the ac-
curacy drops significantly as the compression ratio
increases (Kim et al., 2025a).

In this paper, we propose DIVE, an accurate KV
cache compression method to preserve accuracy
under high compression ratios. To prevent the com-
plete loss of information from specific temporal
segments, DIVE selects important KV pairs inde-
pendently for each attention head, as illustrated in
Figure 1(b). This allows different heads to retain
important information from different timestamps
and regions, maintaining accuracy even under high
compression ratios. To identify important KV pairs
for each head, DIVE first evaluates their importance
using attention scores obtained from teacher-forced
inference on proxy temporal QAs, and then selects
both salient and non-redundant subsets by a Deter-
minantal Point Process (DPP).

The main contributions are as follows:

* Method. We propose DIVE, an accurate
and efficient visual KV cache compression
method that estimates each KV pair’s saliency
via teacher-forced proxy QAs.

¢ Accuracy. DIVE achieves state-of-the-art ac-
curacy over previous video compression meth-
ods, retaining 98.2% of full-cache accuracy
with only 5% of the KV cache.

* Efficiency. DIVE achieves 1.16x faster la-
tency than the best competitor.

The codes are available at https://github.com/
snudatalab/Dive.

2 Preliminaries and Related Works

2.1 Problem Definition

Problem 1 (Lifespan video question answering.).
Given a pre-recorded video V', a VLLM M, and
a sequence Q = {Q1,Q2, ...} of future questions
that continually arrive over the lifetime of the video,
minimize the cumulative inference latency over O:

min Z Latency (M, V, Q;)
Qi€Q

subject to maintaining accuracy. Note that, un-
like conventional single-question acceleration prob-
lems, a massive number of questions in Q arrive
sequentially over the lifetime of the video, and each
question must be answered upon arrival without ac-
cess to future questions.

2.2 Video Large Language Models

A VLLM M ingests a video V' by decompos-
ing it into frames, which a vision encoder and a
lightweight projector map into a sequence of vi-
sual tokens XV = (x7,...,x}), where N denotes
the number of visual tokens per video. These are
concatenated with the tokenized question X4 and
forwarded through L transformer layers, which au-
toregressively decode the answer tokens X?.

Modern VLLMs adopt grouped-query attention
(GQA) within each transformer layer: every layer
maintains H query heads but only G KV heads
with G < H, where each KV head is shared across
H/G query heads (Ainslie et al., 2023). For layer
le{l,...,L}and KV head g € {1,...,G}, po-
sition i € {1,..., N} produces a key kgl’g) € R?
and a value vz(l’g ) e R, which together form the
KV pair kv!"? = (k"9 v9)) The collection of

(3 (2
KV pairs across N visual tokens at a given (I, g)
constitutes the per-head visual KV cache KVE\I,’Q ),
and the union of all per-head visual KV caches
forms the visual KV cache KV y.

During decoding, for each layer [ and KV
head g, the VLLM maintains cached keys
and values over the current input prefix as
K69 k{9 k9 ) and V09 =
[Vgl’g), . ,vg\l;g), ...]. Let g(h) = [hG/H| map
each query head h to its associated KV head. At the
current decoding position, query head i produces
a query vector q(-") € R and the attention output
reads:

(Lg(h) g (L:h)
ollh) — (V(z,g<h>>)TSOftmaX<Kq> ‘

Vd

2.3 Instruction Tuning

Large Language Models (LLMs) pretrained with
a next-token prediction objective assign high like-
lihood to fluent continuations, but does not align
with user intent (Li et al., 2022; Ouyang et al.,
2022; Kim et al., 2026b,a, 2025b; Jeon et al., 2023;
Cho and Kang, 2022; Piao et al., 2022). Instruction
tuning addresses this by fine-tuning on instruction-
response pairs, aligning generation with user in-
tent (Wei et al., 2022; Yun et al., 2026; Park et al.,
2025a,b, 2024; Jeon et al., 2025). During this super-
vised stage, teacher forcing is employed: ground-
truth response tokens are provided as inputs, and
the model is trained to predict each subsequent
response token given the instruction. Although
instruction tuning is conducted on a finite set of
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Figure 2: (a) Question-aware compression prunes the
KV cache for each question separately, resulting in sig-
nificant per-question overhead that accumulates over
time. (b) Question-agnostic compression prunes the KV
cache only once, saving per-question overhead and re-
ducing cumulative latency.

training instructions, its objective is not merely to
memorize these instances, but to induce a general
instruction-following capability that transfers to
unseen user questions (Longpre et al., 2023). Gen-
eralization strengthens as the number of QA pairs
and instruction-formatted tasks increase (Chung
et al., 2024). Self-Instruct (Wang et al., 2023) fur-
ther shows that synthetically generated instruction-
response pairs are effective surrogates for ground-
truth QA pairs.

2.4 Question-aware Compression

Question-aware compression, described in Fig-
ure 2(a), retains only the most relevant KV cache
for each question and pruning the rest to accelerate
inference (Huang et al., 2025). To determine which
KV cache to prune, it evaluates the importance of
each KV pair respect to the question, using atten-
tion scores or similar metrics (Zhang et al., 2023;
Li et al., 2024b). This approach is advantageous to
maintain accuracy under high compression ratios,
as it selects the most relevant KV cache for each
question (Tang et al., 2024; Xiao et al., 2024). How-
ever, it has limitations to reduce cumulative latency
in the lifespan QA scenario, since it needs to select
a new KV cache for each incoming question, in-
curring per-question compression overhead. Thus,
to reduce cumulative latency for a large number of
questions over time (Yang et al., 2024b,c; Di et al.,
2025), we focus on question-agnostic compression
instead of question-aware compression.

2.5 Question-agnostic Compression

Question-agnostic compression in Figure 2(b)
preserves only a subset of important KV pairs be-
fore receiving any questions, and then answers
subsequent questions using the compressed KV
cache (Shen et al., 2025; Fan et al., 2026). Unlike
question-aware methods, this approach avoids the
overhead of additional KV cache selection for ev-
ery question. Thus, it is particularly suitable for
lifespan QA scenarios, where numerous questions
are asked over time and reducing the cumulative
latency is crucial.

To maintain accuracy, it is important to correctly
identify the core KV cache that captures the es-
sential information of the video without access to
the questions. Existing methods first identify non-
salient visual tokens and subsequently remove their
corresponding KV pairs (Chen et al., 2024; Yang
et al., 2025). For example, prior methods treat re-
dundant visual tokens as non-essential and prune
the KV pairs associated with those tokens (Shen
et al., 2025; Fan et al., 2026). However, they op-
erate at the token level, discarding all KV pairs
tied to the pruned visual tokens. We address this
limitation by proposing a token-independent KV
cache compression method that selectively retains
informative KV pairs within the visual KV cache,
as described in Section 3.1.

3 Proposed Method

3.1 Overview

We propose DIVE (Head-wise visual KV cache
compression), an accurate KV cache compression
method that prunes KV cache in a head-wise man-
ner to prevent the complete loss of information
from specific temporal segments. To sustain the
accuracy from the compression, we address the
following three challenges:

C1. Loss of attention heads. Attention-based im-
portance scores tend to concentrate on a small
subset of heads. Hence, naively pruning KV
pairs across all heads leads to entirely dis-
carding certain heads, reducing the effective-
ness of multi-head attention. However, the
compressed KV cache should retain informa-
tion across diverse heads, since each incoming
question relies on a distinct subset of attention
heads. How can we maintain the effectiveness
of multi-head attention?
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Figure 3: Overview of DIVE.

C2. Finding salient KV pairs. Existing question-
agnostic KV cache compression methods rely
on question-free objectives such as key/value
norms to find salient KV pairs. However, they
struggle to identify KV pairs that are gen-
uinely important for future questions since
they do not evaluate the usefulness in the
context of answering actual questions. How
can we precisely estimate saliency for unseen
questions?

Redundancy within KV pairs. Existing
KV cache methods retain KV pairs whose
key representation deviates the most from a
mean key representation. However, they ne-
glect pairwise similarity among the retained
pairs, resulting in the selected subset exhibit-
ing high redundancy. How can we select a
KV subset that is both salient and mutually
non-redundant?

C3.

We address the aforementioned challenges by
the following ideas:

I1. Uniform KV budget (Section 3.2) DIVE as-
signs the same KV budget across every layer-
KV head pair, preventing the retained KV
cache from being concentrated only in a few
heads.

12. Instruction scoring (Section 3.3) DIVE
teacher-forces proxy QAs when measuring the
saliency of each visual KV pair. The proxy
QAs provide question-answering contexts that
allow DIVE to estimate which KV pairs are
important for answering unseen future ques-
tions.

13. KV head-wise DPP (Section 3.4) DIVE pe-
nalizes pairwise redundancy among KV pairs,
thereby producing a sufficiently informative
KV subset for serving diverse future ques-
tions.

Figure 3 provides an overview of DIVE. Given
the prefilled visual KV pairs from a video, the
uniform KV budget constrains each layer-KV

head pair to retain an identical number of KV pairs.
The instruction scoring takes a video and a set
of proxy temporal QAs as input, and produces
saliency scores for visual KV pairs at each query
head. For each KV head, the KV head-wise DPP
receives the estimated saliency scores of visual KV
pairs across query heads and their key embeddings,
and produces the indices of KV pairs to retain.

3.2 Uniform KV Budget

How can we prevent entire attention heads from
being lost when we prune the KV cache at the level
of individual KV pairs, instead of tokens? A naive
approach to prune KV pairs is to rank them based
on attention scores and evicting low-scoring pairs
across attention heads. However, this approach
starves certain attention heads because attention
scores tend to concentrate on a small subset of
heads (Fu et al., 2025). Considering that different
questions rely on distinct subsets of attention heads,
such head loss degrades accuracy when serving
varied future questions (Michel et al., 2019). To
address this, DIVE assigns an identical KV budget
to every layer-KV head pair. This prevents the
compressed KV cache from being concentrated in
only a few heads, thereby maintaining accuracy
across future questions that rely on different heads
(Voita et al., 2019).

Given the prefilled visual KV pairs generated
from a video, the uniform KV budget constrains
per-head visual KV cache KVE\Z,’Q ) at each layer [
and KV head g to retain B visual KV pairs out of
its prefilled IV visual KV pairs. We set B = |pN |,
where p € (0, 1] is the target retention ratio. See
Appendix A for a justification of the uniform KV
budget.

3.3 Instruction Scoring

How can we precisely estimate saliency of KV
pairs for unknown future questions? Existing
KV cache compression methods estimate KV-pair
saliency using question-free proxy objectives, such
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as key/value norms or context reconstruction (Kim
et al., 2025a). However, saliency estimated from
question-free signals does not reflect which KV
pairs are genuinely useful for unseen future ques-
tions, as the scoring is not conditioned on the actual
question-answering context (Wang et al., 2025). To
address this, DIVE generates a set of proxy tem-
poral QAs from the video and teacher-forces them
when scoring KV-pair saliency. The proxy QAs
introduce question-answering contexts, allowing
DIVE to infer which KV pairs are likely to be useful
for unseen future questions.

Given a video and synthetically generated proxy
temporal QAs, instruction scoring produces the
saliency of visual KV pairs. To estimate the
saliency of each visual KV pair, DIVE measures
how strongly the KV pair is referenced when
answering proxy QAs. Specifically, DIVE uses
the maximum attention score it receives from
teacher-forced QA-derived query embeddings as
its saliency score.

The procedure below explains how DIVE esti-

mates the saliency score sgl’g ) for each visual KV
pairi € {1,..., N} atlayer [ and KV head g, us-
ing the proxy QA set QP = {(Q¢, A¢)}L ;. Q; and
Ay denote the question and answer of the ¢-th proxy
QA, respectively. To estimate the score, DIVE com-
putes per-proxy-QA saliency score sgl’g ") for each
t-th proxy QA, then takes the maximum over all

proxy QAs:

S(.l’g) =

(L,9,t)
; S5 )

max i

te{l1,...,T}

Using multiple proxy QAs enables DIVE to accu-
rately estimate saliency.

For the ¢-th proxy QA (Q¢, A;), DIVE computes
the per-proxy-QA saliency score sgl’g ) as follows.
DI1VE teacher-forces (Q¢, A¢) and performs a sin-
gle forward pass. Since the N visual tokens occupy
positions 1, ..., N, the appended token positions

of the ¢-th proxy QA are defined as
R(t)={N+1,...,N +|Q¢ + |As|},

where |@Q;| and |A;| are the token counts of the
question (); and answer A, respectively. After
the teacher-forced forward pass, DIVE computes
the pre-softmax attention score agl;h’t), which mea-
sures how strongly the appended7QA token at po-

sition € R(t) attends to the visual KV pair at

position i:

Lg)\ " (Lhit)
St _ (k") o

i \/&

Here, qg’h’t) denotes the QA-token query embed-

ding of the appended token at position r, produced
at layer [, query head h, and the ¢-th proxy QA.
kgl’g (") denotes the visual-key embedding of the
visual KV pair at position ¢, produced at layer [ and
KV head g(h), where g(h) maps query head h to its
associated KV head as defined in Section 2.2. For
the query-head set H(g) C {1,..., H} grouped to
KV head g and the appended positions R(¢), the
per-proxy-QA saliency score is defined as

Lyt
S( g ) = max (8%

_ (1,h,t)
t (h,r) € H(g)xR(%) '

T,

DIVE uses a number of proxy QAs spanning di-
verse QA tasks when scoring KV-pair saliency to
distinguish KV pairs that are useful across diverse
questions. This design is motivated by instruction
tuning: LLMs’ ability to answer unseen questions
improves as the number of QA pairs and diver-
sity of instruction-formatted tasks increase (Sec-
tion 2.3).

To synthesize proxy temporal QAs, DIVE first
extracts temporal events from the video using an
oft-the-shelf video captioning model and then gen-
erates QA pairs with predefined templates. Al-
though the QAs are synthetic, (Wang et al., 2023)
shows that synthetically generated QA pairs serve
as effective surrogates for ground-truth QA. See
Appendix B for details on QA generation.

3.4 KYV head-wise DPP

How can we select a KV subset which is both
salient and mutually non-redundant? Similar KV
pairs reduce the diversity of information retained
in the KV cache, which degrades accuracy under
the same compression ratio. Existing methods pri-
oritize KV pairs whose keys deviate more from
the average key representation to reduce redun-
dancy within the selected KV pairs. However, this
approach has limitations in fully removing redun-
dancy, since they do not account for pairwise simi-
larity among the KV pairs within the selected sub-
set. DIVE instead penalizes pairwise redundancy
among retained KV pairs, producing an informative
per-head cache.
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To address this, for each layer [ and KV head
g, the KV head-wise DPP takes the KV-head-
specific saliency scores {35”9 ), ceey s%’g)} pro-
duced by Section 3.3 and the key embeddings
(k{9 k{b9} of the KV pairs within KV head,
and yields the compressed per-head visual KV
cache KV%’Q ) that retains B KV pairs out of N vi-
sual KV pairs. Specifically, DIVE selects a size-B
subset KV%’Q ) whose normalized key representa-
tions span a large volume, so that KV pairs with
similar key representations are less likely to be
selected together.

This selection is formulated as the following
DPP-style (Kulesza and Taskar, 2012) optimiza-
tion problem: given a matrix L(:9) ¢ RN*N
(see Eq. (1)), DIVE finds a principal submatrix
Lg’g) € RP*B such that S is a size-B subset of

{1,...,N} and Lg’g ) has the maximum determi-
nant:

Sthox —

arg max
SC{1,..N},|S|=B

det (Lg’g )) .
Maximizing this determinant selects the position
set S(:9* whose corresponding KV pairs are not
only salient but also informative, encouraging their
key representations to be closer to mutually orthog-
onal than redundant.

The quality-weighted pairwise similarity L
the (7, j)-th element of L(-9), is defined as

(1,9)
ij

Lgluq) (lvg) ¢(lvg) (lvg) (1)

g — i 45

where (;5%’9 ) measures the pairwise key similarity

between KV pairs ¢ and j while qz-(l’g ) encodes the
saliency-based quality of KV pair ¢ (see Eq. (2)
and Eq. (3)). The Lg-’g ) acts as a quality-weighted

&:9) and q(l,g)

i J
crease the determinant, while large <Z>g.’g ) reduces

the determinant. For example, when selecting
two positions S = {1, 2}, we have det(Lg’g)) =
(q%l’g))2(q§l’g))2(l —( glz’g))2), showing that the de-
terminant is proportional to the squared qualities
and becomes larger as the selected key embeddings
become more orthogonal.

overlap term: large qualities ¢ in-

! . L
DIVE computes (JSEj’g ) using cosine similarity:

l, l,
(L) <k§ 9)7 k§ 9)>

o = = )
? l, l,
Ty

With hyperparameter 5 > 0, DIVE defines the
quality term as

L l
g9 = exp(85?), 3)
where E{il’g ) is the min-max normalized saliency:
(lvg) 3 (lzg)
’g('lvg) _ Si - mlnj Sj
’ max; sy’g) — min; sgl’g)

See Appendix C for details of solver.

4 Experiments

Experiments are structured to answer the follow-
ing research questions:

RQ1 Accuracy (Section 4.2). Does DIVE preserve
accuracy under high compression ratios?

RQ2 Per-token latency (Section 4.3). How much
faster does DIVE decode tokens than existing
methods?

RQ3 Cumulative latency (Section 4.4). Is DIVE
effective for large-scale video question serv-
ing?

RQ4 Ablation study (Section 4.5). Does each
module of DIVE independently improve accu-
racy?

RQS5 Instruction scoring (Section 4.6). Does in-
struction scoring become more effective as the
number or types of proxy QA change?

4.1 Experimental Setup

Benchmarks. We evaluate DIVE on five widely-
used video understanding benchmarks: VMME
(VideoMME) (Fu et al., 2024), ES (EgoSchema)
(Mangalam et al., 2023), LVB (LongVideoBench)
(Wu et al., 2024a), MVB (MVBench) (Li et al.,
2024a), and MLVU (Zhou et al., 2024). Details are
in Appendix D.

Compared Baselines. We compare DIVE with
five methods: FastV (Chen et al., 2024), VisionZip
(Yang et al., 2025), PruneVID (Huang et al., 2025),
FastVID (Shen et al., 2025), and FlashVID (Fan
et al., 2026). Implementation details are in Ap-
pendix E.

Implementation Details. We evaluate DIVE on
LLaVA-OneVision (Li et al., 2025) and Qwen2.5-
VL (Bai et al., 2025). LLaVA-OneVision uni-
formly samples 32 frames, producing 32 x 196
visual tokens. We sweep the retention ratio over
{25%,20%, 15%, 10%, 5%}. The evaluation uses
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Table 1: Accuracy of DIVE and competitors. “Ret.” denotes the retained KV-cache percentage, “Rel. Acc” denotes
accuracy relative to the vanilla VLLM in percent, and bold denotes the best.

VMME ES LVB MVB Avg.
Model Method Ret. Short Medium Long Overall Subset Total val Overall Score Rel. Acc (%)
Vanilla 100% 69.9 56.7 489 585 622 603 56.6 583 584 100.0
FastV 68.1 547 468 56.5 604 57.8 554 564 56.5 96.7
VisionZip 688 573 482 58.1 63.0 604 564 578 582 99.7
PruneVID 25% 673 548 472 564 610 58.1 554 568 56.7 97.1
FastVID 699 563 474 579 612 595 559 581 57.8 99.0
FlashVID 70.2 571 486 58.6 634 604 563 580 58.3 99.9
DIVE (proposed) 70.1 570 487 58.6 632 612 562 58.6 58.6 100.4
FastV 663 539 469 557 606 57.6 560 560 56.3 96.4
VisionZip 686 570 483 580 620 60.0 554 576 57.7 98.8
PruneVID 20% 672 539 482 564 632 602 552 562 57.0 97.6
FastVID 699 563 474 579 612 595 559 581 579 99.1
FlashVID 70.1 556 484 580 628 60.0 561 575 579 99.2
LLaVA DIVE (proposed) 70.2 555 486 581 629 60.8 558 582 58.2 99.7
OneVision g v 646 540 453 546 598 566 548 550 552 94.5
VisionZip 63.8 546 483 556 628 60.0 54.1 535 558 95.5
PruneVID 15% 672 548 467 56.1 61.6 577 545 551 557 95.4
FastVID 69.7 558 477 577 588 589 56.7 578 579 99.1
FlashVID 69.6 553 481 577 622 598 565 572 578 99.0
DIVE (proposed) 69.5 555 480 577 625 60.5 556 580 579 99.2
FastV 609 522 449 527 590 56.0 524 534 536 91.8
VisionZip 603 53.0 467 533 616 58.5 494 548 54.0 92.5
PruneVID 10% 659 528 456 549 600 572 540 537 549 94.0
FastVID 68.1 557 478 572 588 58.7 557 570 57.1 97.8
FlashVID 673 553 479 568 612 59.0 559 567 57.1 97.8
DIVE (proposed) 67.1 554 477 567 620 60.2 552 577 575 98.4
FlashVID 5% 669 535 456 553 60.1 574 553 531 553 94.7
DIVE (proposed) 668 546 468 561 61.6 59.7 551 569 569 97.5
Vanilla 100% 72.6 614 499 613 60.2 583 589 68.0 61.6 100.0
FastV 694 570 512 592 60.2 57.1 542 66.8 59.3 96.3
VisionZip 69.6 572 502 59.0 586 56.6 563 664 59.6 96.8
FastVID 20% 69.9 563 49.7 586 572 564 578 647 594 96.4
FlashVID 704 586 497 59.6 592 56.8 581 665 60.2 97.7
DIVE (proposed) 70.5 602 506 604 599 578 574 689 61.1 99.2
Qwen2.5-VL
FastV 63.7 547 493 559 586 549 51.1 636 564 91.6
VisionZip 67.0 547 476 564 558 555 545 643 577 93.7
FastVID 10% 663 536 49.0 563 560 556 554 623 574 93.2
FlashVID 68.1 547 49.0 573 574 559 571 655 589 95.6
DIVE (proposed) 704 599 496 60.0 595 58.0 563 68.7 60.8 98.7
FlashVID % 66.1 53.8 48.7 562 569 558 570 649 584 94.9
DIVE (proposed) 70.2 596 499 599 599 578 557 684 60.5 98.2

LMMs-Eval on A100 GPUs (Zhang et al., 2025a).  tency (PL) as (TTFT + SPT x 256 x n)/n. See
Seconds Per Token (SPT) denotes the per-token  Appendices G and H for the break-even and hyper-
decoding latency. We measure SPT after pre- parameter sensitivity analyses, respectively.

fill. Time-To-First-Token (TTFT) denotes the time

taken to generate the first token. See Appendix F 42 Accuracy (RQ1)

for TTFT and SPT analysis. n denotes the num-

ber of questions. With 256 generated tokens per We evaluate whether DIVE preserves accuracy
answer, we compute Cumulative Latency (CL) as  under aggressive KV cache compression ratios. Ta-

TTFT + SPT x 256 x n and Per-question La-  ble 1 shows that DIVE achieves the best average
performance even under low retention ratios. No-
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Table 2: Latency comparison analysis for Qwen2.5-VL
on 16-frame.

Metric Vanilla FlashVID DIVE
Retention ratio 100% 20% 5%
Rel. Acc (%) 100.0 97.7 98.2
TTFT (s) 0.438 0.319 27.6
SPT (s/token) 0.0351 0.0349 0.0294

Table 3: CL and PL for serving multiple questions. We
use setting reported in Table 2.

FlashVID

Vanilla DIVE

n CL PL CL PL CL PL

10 90 8.99 89 8.94 103 10.29
20 180 8.99 179 8.94 178 891
160 1438 899 1430 894 1232 7.70
2560 23014 8.99 22861 893 19302 7.54
5120 46007 8.99 45744 893 38564 7.53

tably, on Qwen2.5-VL, DIVE retains 98.2% of the
full-cache accuracy while using only 5% of the full
visual KV cache.

4.3 Per-token latency (RQ2)

We evaluate decoding efficiency of DIVE while
preserving accuracy. Table 2 shows that DIVE
achieves 1.16x lower SPT than FlashVID while
maintaining accuracy. FlashVID suffers from ac-
curacy degradation under aggressive compression,
resulting in high SPT than DIVE. In contrast, DIVE
preserves accuracy even at a low retention ratio,
enabling lower SPT.

4.4 Cumulative Latency (RQ3)

We evaluate whether DIVE efficiently serves a
massive volume of questions. Table 3 shows that
as the number of served questions increases, DIVE
increasingly reduces PL while achieving lower CL
than FlashVID. Although DIVE has higher CL at
n = 10 due to its one-time compression cost, this
cost is amortized as more questions are served,
yielding lower CL than FlashVID with an increas-
ingly larger gap. Atn = 20, DIVE already achieves
lower CL than FlashVID, showing that its one-time
compression cost is amortized early. At n = 5120,
Vanilla and FlashVID show almost identical PLs,
whereas DIVE reduces PL by 15.7% over FlashVID.
These results highlight the limitation of serving
lifespan questions merely from the conventional
single-question acceleration perspective. In long-
term serving, where both accuracy and efficiency
matter across a massive number of questions, it is

Table 4: Ablation study at 5% retention on VMME
(overall), ES (total), LVB (val), MVB (overall). I de-
notes saliency-greedy selection with instruction scoring;
I+U adds the uniform per-head KV budget; I+U+D adds
KV head-wise DPP.

Model Method VMME ES LVB MVB
I 552 588 54.1 55.9
O];g}i\;ﬁm +U 559 595 54.8 56.6
+U+D 561 59.7 55.1 56.9
I 59.1 56.7 549 67.6
Qwen2.5-VL 1+U 596 574 55.1 68.1
+U+D 599 57.8 55.7 68.4

Table 5: Instruction scoring results on MLVU with
LLaVA-OneVision using 16 frames. Rows denote the
number of proxy QAs used for scoring, and columns
denote the number of QA types used.

Number of Number of QA Types
proxy QAs 1 5 P s
1 56.1 - - -
2 57.2 57.6 - -
4 584 58.5 58.7 -
8 58.8 58.9 59.0 59.0
16 58.8 59.0 59.1 59.1

more beneficial to trade a one-time compression
cost for higher accuracy and lower per-token la-
tency.

4.5 Ablation Study (RQ4)

We evaluate whether each module proposed in
DI1VE is independently effective. Table 4 shows
the performance changes of DIVE as modules are
incrementally added. The results show that each
component of DIVE independently and consistently
improves performance.

4.6 Instruction Scoring (RQS5)

We evaluate how the number and diversity of
proxy QAs affect instruction scoring. Table 5
shows that accuracy generally improves as more
proxy QAs and more QA types are used for scor-
ing. This trend supports our instruction-scoring
perspective: exposing the model to diverse proxy
QA contexts enables DIVE to accurately estimate
KV-pair saliency.
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5 Conclusion

We introduce video lifespan question answer-
ing, a problem setting whose goal is to minimize
the sum of inference latency over future questions
about a pre-recorded video. To address this prob-
lem, we propose DIVE, an accurate visual KV
cache compression method that evicts KV pairs
head-wisely. This enables high KV cache compres-
sion ratios, achieving low per-question latency in
the lifespan serving scenario. This advantage arises
from DIVE ’s trade-off of a one-time compression
cost for improved accuracy and lower per-token la-
tency, making DIVE effective for massive question-
serving scenarios where cumulative latency is the
primary objective. Comprehensive experiments
show that DIVE maintains high accuracy even at
extreme compression ratios, resulting in substantial
reductions in cumulative inference latency.
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DIVE’s one-time compression initialization cost.
However, DIVE becomes less beneficial for videos
that receive only a small number of questions. Sec-
ond, the uniform KV budget is motivated by the
assumption that diverse future questions balance
per-head demand over the video lifetime. However,
if the question stream is highly skewed toward a
narrow set of question types or visual events, the
optimal budget allocation deviates from a uniform
one. Third, DIVE estimates KV-pair saliency using
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A Uniform Budget Justification

We justify the uniform per-head KV budget
B:9) = B adopted in Section 3.2.

Notations. Let J = LG denote the number of
layer-KV head pairs indexed by m € {1,...,J},
and write the per-head budgets as b = (by,...,by)
with total budget Byoy.

Per-head demand. Given a future question @),
denote 7 for the set of attending token positions
of ). For each attending position p € 7, the
VLLM produces softmax attention weights al()ll )

[0, 1] from query head h to visual KV position ¢ of
layer [. Let the set H(g) of query heads sharing
KV head g have size k = H/G, where H is the
number of query heads and G is the number of KV

heads (defined in Section 2.2). We define the visual

demand on head m = (I, g) as:
Lh
Dm(Q) Tolk N Z Z Za( )'
| Q‘ pETQ h
Q heH(g

By construction, D,,(Q) € [0,1]. For a single
question (), the demand profile across layer-KV
head pairs is generally non-uniform: questions
about different temporal segments or semantic as-
pects of the video concentrate attention on different
subsets of heads, leaving others with near-zero de-
mand.

Assumption 1 (i.i.d. question stream). Let 7
denote the distribution of future questions for the
video. Future questions @)1, Qo, ... are sampled
independently from 7.

Assumption 2 (equal expected demand). Each
head has a finite expected demand u,, =
Eg~x[Dm(Q)], and these expectations coincide,

p1 =y = = g =

The intuition behind this assumption is as follows:
although individual user questions induce non-
uniform head-importance distributions, aggregat-
ing these distributions over future questions served
throughout the video’s lifespan is expected to yield
a uniform distribution over heads.
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Figure 4: KV-head demand for serving (a) a single QA and (b) 8 QAs. Serving a single QA produces uneven
demand concentrated on particular KV heads and layers, whereas averaging over multiple QAs makes the demand
substantially more uniform across both KV heads and layers.

Demand over the video lifespan. Define the em-
pirical lifetime demand on head m after T, ques-
tions as

_ 1 &

Dn(Tp) = 7= > Dm(Q1).
L=
Under Assumption 1, D,,(Q1), D, (Q2), ... are
i.i.d., so the strong law of large numbers gives

Dm(TL) L> Hm -
TLHOO

Combined with Assumption 2, u,, = p for every
m, SO B
D (Tp) == p,  ¥m.
TL%OO

Therefore, the lifetime visual demand equalizes
across heads as the question stream grows.

Optimal budget allocation. We instantiate bud-
get allocation as minimizing the squared mismatch
between expected demand and allocated budget,

J J
mi? (n— cbm)2 s.t. Z bm = Biot,
bGREO m=1 m=1

where ¢ > 0 maps budget units to demand units.
Form the Lagrangian

J
(:U’_Cbm)2+A<Z bm - Btot> .

m=1

J
L(b,N\) =
m=1
The stationarity condition 9L/9b,, = —2c(u —
cbm) + A = 0 gives

_ 2cp— A

bm YR

which is independent of m, so every coordinate
of the optimum takes the same value. The budget
constraint Z;Inzl by = Byt then yields

b* — BtOt

o J,Vm

We additionally provide empirical evidence to
justify this uniform budget allocation. Figure 4
shows the head demand D,, (77 for each layer-
KV head pair m, averaged over 17, questions and
measured on Qwen2.5-VL for a single video. Fig-
ure 4(a) and Figure 4(b) correspond to 77, = 1
and 77, = 8, respectively. Figure 4(a) shows that
head demand for a single QA is highly non-uniform
across KV heads and layers, whereas Figure 4(b)
shows that averaging demand over multiple QAs
yields a substantially more uniform pattern across
all layer-KV head pairs. Figure 4(a) is consistent
with existing findings on per-question sparsity (Wu
et al., 2025; Liu et al., 2023; Akhauri et al., 2024,
Fuet al., 2025), while Figure 4(b) indicates that, un-
der long-term lifetime question serving, every KV
head eventually becomes equally important. This
supports Assumption 2 empirically: as more ques-
tions are aggregated, per-head demand converges
toward a common value, justifying the uniform
per-head budget allocation derived above.

B Proxy Temporal QA Generation

We describe how DIVE generates proxy tempo-
ral QAs from dense video captions for instruction
scoring. The generation process consists of two
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steps: timestamped event extraction and QA gener-
ation.

Timestamped event extraction. Given a video
and an LLM-based dense video captioner (e.g.,
TEMPURA (Cheng et al., 2025)) that receives the
video as input and generates textual timestamped
event descriptions, DIVE extracts the timestamped
description set:

EXP = {(tfﬁ,tﬁ,er) 1{%:17

where R is the number of extracted events, ¢; and
t7 denote the start and end timestamps of event
r, respectively, and e, denotes its textual event
description. See the example of generated descrip-
tions in Table 6.

QA generation. Given £°°P, DIVE generates a
set of proxy temporal QAs

7 = {(QF, AN},

where T is the number of generated proxy QAs.
To produce the QAs, DIVE applies a predefined
set of rule-based QA production templates to event
descriptions generated by an LLM-based dense
video captioner. Specifically, DIVE instantiates a
predefined set of temporal QA templates. Each
template takes one or more timestamped events as
input and produces a question-answer pair without
using an LLM. The templates cover diverse tempo-
ral reasoning types, including before/after relations,
temporal ordering, and transition reasoning. For
example, Table 6 shows that predefined question
skeletons such as “What happens after [event]?”,
“Which happens earlier, [event] or [event]?’, and
“What happens between [event] and [event]?” are
instantiated by replacing the bracketed slots with
the LLM-generated event descriptions.

C KY Head-wise DPP Selection

For brevity, the remainder of this section drops
the (1, g) superscript and uses L for L9 (Eq. (1)),
with the understanding that the same procedure
runs independently at every (I,g). A naive ap-
proach is to enumerate all (g) subsets S and
compute det(Lg), which is computationally pro-
hibitive. DIVE therefore solves the problem with
a greedy approach as follows. Given a partially
selected subset S, C {1,..., N} with |S,| < B,
DIVE evaluates the marginal gain of adding a can-
didate position i € {1,..., N} \ S, and appends

Table 6: Examples of rule-based proxy temporal QA
generation from timestamped event descriptions.

Generated  From Os to 4s, a person enters the
timestamped room.
event From 7s to 12s, the person picks up
description  a cup.
From 15s to 20s, the person leaves
the room.
Before/After Q: What happens after a person
enters the room?
A: the person picks up a cup.
Ordering Q: Which happens earlier, the person
picks up a cup or the person leaves
the room?
A: the person picks up a cup.
Transition Q: What happens between

a person enters the room and
the person leaves the room?
A: the person picks up a cup.

the position with the largest gain:

i* = arg max [log det (Lspu{i}) —logdet(Ls, )] -

i¢Sp
“)
Starting from S, = (), the procedure repeats until
|Sp| = B.

However, recomputing the determinant from
scratch for every candidate at every step in Eq. (4)
is too expensive. Using the Schur complement
identity (Crabtree and Haynsworth, 1969), the de-
terminant ratio follows:

_ det(Ls,u()

, — L. — L -1 .
T = det(Lgp) =Ly Lz,Sp LSP LSp,u

Thus, the greedy step in Eq. (4) converts to ¢* =
arg max;¢s, A;.

D Evaluation Benchmarks

We conduct experiments on the following
widely-used video understanding benchmarks.

VideoMME. VideoMME is a comprehensive
multi-modal benchmark for evaluating video un-
derstanding capabilities of VLLMs. It features 900
videos spanning 6 diverse domains and 30 subcat-
egories, with durations ranging from 11 seconds
to 1 hour. Each video is paired with high-quality
human annotations, yielding 2,700 multiple-choice
question-answer pairs.

LongVideoBench. LongVideoBench evaluates
VLLMs on long-context, interleaved video-
language understanding. It contains 3,763 videos
with durations ranging from 8 seconds to 1 hour
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and 6,678 human-annotated multiple-choice ques-
tions based on a referring-reasoning task, in which
models retrieve and reason over specific multi-
modal contexts referenced in the questions. The
questions are categorized into 17 fine-grained types
across perception and relation levels.

MVBench. MVBench targets temporal under-
standing in multi-modal video tasks, addressing
the limitations of prior image-focused benchmarks.
It comprises 20 systematically constructed tasks
that require complex temporal reasoning, gener-
ated via static-to-dynamic transformation of static
tasks.

EgoSchema. EgoSchema consists of approxi-
mately 5,000 five-choice multiple-choice questions
derived from 250 hours of egocentric video. Each
of its 289 three-minute clips requires tracking ob-
jects and actions over temporal spans 5—10x longer
than those in prior datasets, posing significant chal-
lenges for both spatial perception and extended
temporal coherence.

MLVU. MLVU contains 3,102 multiple-choice
questions across nine diverse long-video under-
standing tasks. Videos range from 3 minutes to
2 hours, requiring reasoning over plot, temporal or-
der, and event retrieval, jointly testing fine-grained
spatial recognition and long-range temporal reason-
ing.

E Baseline Implementation

FastV. FastV prunes tokens at the K -th layer of
the LLM using cross-modal attention scores, with a
pruning ratio r. We follow the official setting with
K =2.

VisionZip. VisionZip prunes visual tokens at the
output of the vision encoder. Because this con-
flicts with the pooling operations of the VLLMs
we evaluate, we apply pruning after pooling. We
follow the official setting by retaining dominant
and contextual tokens at 54:10 ratio per frame.

PruneVID. PruneVID combines before-LLM
compression, inner-LLLM pruning during prefill-
ing, and KV cache compression at decoding. Fol-
lowing the official settings, we set the threshold
7 = 0.8, the temporal segment ratio v = (.25, the
token selection ratio &« = 0.4, and the pruning layer
K = 10. The token budget is controlled via the
cluster ratio .

Table 7: TTFT breakdown for Qwen2.5-VL with 16
frames.

Step Time (s)
Dense captioning 25.13
Proxy QA generation 0.008
Prefill 0.45
Instruction scoring (T = 16) 0.62
KV head-wise DPP 1.34
First token generation 0.05
Total 27.6

FastVID. FastVID prunes visual tokens via spa-
tiotemporal DPC-KNN. It first applies dynamic seg-
mentation based on transition similarities, then per-
forms frame-wise salient token selection via [CLS]
attention scores, and finally compresses the remain-
ing tokens by spatiotemporal redundancy elimina-
tion based on DPC-kNN. Following the official
settings, we set the minimum number of segments
c = 8, the segment threshold 7 = 0.9, the salient
token ratio d = 0.4, the anchor frame step p = 4,
and the merging factor a = 0.6.

FlashVID. FlashVID compresses visual tokens
via a two-step pipeline: Dynamic Temporal Seg-
mentation (DySeg) followed by Density Spatiotem-
poral Pruning (STPrune). DySeg adaptively par-
titions the video into temporally ordered, high-
redundancy segments by selecting frame transi-
tions whose similarity falls below a threshold 7
or ranks among the ¢ — 1 most dissimilar transi-
tions. STPrune operates within each segment, com-
bining Density-based Token Merging (DTM) and
Attention-based Token Selection (ATS) to retain
both representative and salient tokens. DTM selects
density-peak anchor tokens from anchor frames at
a fixed interval p and merges the remaining tokens
via anchor-centric aggregation with weight 3; ATS
complements this by selecting the top salient to-
kens identified via [CLS]. The fraction d controls
the allocation between DTM and ATS. Following
the official settings, we setc = 8,7 = 0.9,d = 0.4,
p=4,and 8 = 0.6.

F TTFT and SPT Analysis

This section analyzes DIVE’s Time-To-First-
Token (TTFT) and Seconds Per Token (SPT).
TTFT represents the latency of the one-time vi-
sual KV cache compression and prefill stage, while
SPT represents how quickly the VLLM generates
a response after prefill has completed.

Table 7 breaks down DIVE’s TTFT (Time-To-
First-Token) into its constituent steps. The domi-
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Table 8: SPT by retention ratio for Qwen2.5-VL with
16 frames.

Retention ratio  FlashVID DIVE
20% 0.0349 0.0349
10% 0.0332 0.0332
5% 0.0295 0.0294

nant cost is dense video captioning (25.13s, 91.1%
of total), which is performed once per video and
shared across all subsequent questions. The re-
maining steps—prefill, instruction scoring, DPP
selection, and first token generation—sum to 2.47s.

Table 8 shows SPT across methods and retention
ratios. Since SPT is measured during the decoding
phase after the one-time visual KV cache compres-
sion and prefill have completed, SPT depends on
the size of the prefilled visual KV cache. For exam-
ple, more aggressive visual KV cache compression
leaves fewer visual KV pairs to attend to during de-
coding, thereby reducing the attention computation
and lowering per-token decoding latency. Since the
KV cache size is proportional to the retention ratio,
SPT depends on the retention ratio rather than on
the compression method itself. Table 8 confirms
this directly: at a matched retention ratio, DIVE
and FlashVID achieve nearly identical SPT.

Therefore, the key criterion for comparing com-
pression methods is not how much they reduce SPT
at the same retention ratio, but how well they pre-
serve accuracy at lower retention ratios. A method
that preserves accuracy under more aggressive com-
pression operates with a smaller visual KV cache
and consequently achieves lower SPT. In the lifes-
pan question-serving setting, where a large number
of questions are served, SPT is the dominant term
in Cumulative Latency (CL), as defined in Sec-
tion 4.1. Therefore, a method’s efficiency in this
setting is determined by how much it reduces SPT
without sacrificing accuracy. Per-question Latency
(PL), also defined in Section 4.1, is analyzed in
Section 4.4; the results in Table 3 show that PL ap-
proaches a value proportional to SPT as the number
of served questions becomes sufficiently large.

G Break-even Analysis

We analyze the break-even point at which DIVE
becomes more efficient than FlashVID as the num-
ber of generated tokens per answer changes. We
use the Qwen2.5-VL 16-frame latency setting in
Table 2, which reports the TTFT and SPT (Sec-
onds Per Token) of DIVE and FlashVID. Let Ty
denote the number of generated tokens per an-

Table 9: Break-even number of questions for DIVE
against FlashVID under different generated answer
lengths.

Generated tokens Tyen | Break-even n* vs. FlashVID

32 156
64 78
128 39
256 20
512 10

swer, and let n denote the number of questions
asked about the same video. Here, TTFTpvg
and SPTp,vg denote the TTFT and SPT of DIVE,
while TTFTpgpshvip and SPTRshvip denote
those of FlashVID. Following the Cumulative La-
tency (CL) definition in Section 4, DIVE outper-
forms FlashVID when

TTFTD]VE + SPTD]VE X Tgen Xn
< TTFTFlashviD + SPTElashviD X Tgen X 1.

Table 9 shows that the break-even point de-
creases as Tyen increases, because DIVE’s lower
per-token decoding latency is amortized over more
generated tokens. When the answer is short, e.g.,
Tyen = 32, DIVE requires many questions to offset
its larger TTFT. In contrast, when the answer is
longer, e.g., Tyen = 256 or 512, the break-even
point becomes much smaller.

To estimate a realistic range of generation
lengths, we additionally measure response lengths
on the caption split of the LLaVA-Video-178K in-
struction dataset (Zhang et al., 2025b). Specifi-
cally, we tokenize responses with the Qwen2.5-VL-
7B-Instruct tokenizer. Over 5,000 examples, the
average response length is 236.01 tokens, with a
median of 226 tokens. This suggests that the 256
token regime in Table 9 covers realistic generation
lengths for video-assistant responses.

We additionally report the break-even point us-
ing PDVC (Wang et al., 2021), a lightweight cap-
tioner, instead of TEMPURA. This experiment is
designed to show that using a lighter captioner
further reduces the break-even point without sig-
nificantly impacting accuracy. Replacing TEM-
PURA with PDVC reduces DIVE’s one-time TTFT
from 27.6s to 6.89s, lowering the break-even point
against FlashVID from n = 20 ton = 5 at
Tgen = 256. Furthermore, on MLVU with LLaVA-
OneVision, DIVE with PDVC-based instruction
scoring achieves 58.9 accuracy, comparable to 59.1
with TEMPURA (vs. 61.3 for the full-cache vanilla
model).
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Table 10: Accuracy sensitivity to 5 at 5% retention.
We report VMME (overall), ES (total), LVB (val), and

MYVB (overall).

Model 3 VMME ES LVB MVB
1 557 593 546  56.0

O];eL{“,Xﬁm 2 560 597 551 567
‘ 4 552 592 541 556

1 593 568 549 678

Qwen2.5-VL 2 599 575 557 683
4 591 566 550 673

H Hyperparameter

We evaluate how the hyperparameter /3 affects
accuracy. Table 10 shows that a moderate (3
achieves the best overall performance by balanc-
ing saliency and redundancy in K'V-pair selection.
When = 1, saliency is underemphasized, thus
the selected subset becomes diverse but less salient.
When § = 2, saliency and redundancy are well
balanced, yielding superior performance. When
B = 4, the quality term dominates and the diversity
is underemphasized, suggesting that the selected
subset becomes less informative despite using high-

saliency KV pairs.
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