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Abstract. Multimodal Large Language Models (MLLMs) suffer from
severe memory bottlenecks in streaming video understanding due to ac-
cumulated Key-Value (KV) cache with the growth of video length. Exist-
ing training-free compression methods employ the same strategy across
all attention heads in one layer, but ignore their diverse functional roles in
temporal representation. In this paper, we reveal the inherent temporal
heterogeneity of attention heads in MLLMs through systematic Spatio-
temporal Attention Profiling (SAP), and discover that heads naturally
specialize into instantaneous, short-term, and episodic roles agnostic to
input video frames and their queries. Motivated by this finding, we pro-
pose the Head-aware Heterogeneous Streaming Video Cache (H2SVC),
a training-free KV cache compression framework for efficient streaming
video understanding. H2SVC features an offline routing strategy that ex-
ploits the distinct temporal behavior of heads in each layer and adapt
their KV cache to dedicated memory banks tailored for varying temporal
receptive fields. Furthermore, we develop Semantic Trajectory Curvature
Eviction (STCE) for the long-term episodic bank to enhance semantic
diversity under strict streaming budget. STCE models the Value states
as a geometric trajectory to continuously evict predictable frames on
smooth paths, while preserving sharp semantic inflection points. Exten-
sive experiments on widely adopted streaming benchmarks demonstrate
that H2SVC achieves state-of-the-art performance, and is comparable
or superior to full-context offline models with significantly reduced KV
cache memory and accelerated inference speed.

Keywords: Streaming Video · Multimodal Large Language Models ·
KV Cache Compression · Attention Heterogeneity

1 Introduction

Multimodal Large Language Models (MLLMs) [7,11,13,14,28,37,38] have achieved
remarkable progress in video understanding. However, it emerges as a fundamen-
⋆ Corresponding author.
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tal challenge to deploy MLLMs in the real-world streaming scenarios with con-
tinuously acquired video frames. Autoregressive KV cache is designed to avoid
redundant computation, but increases GPU memory cost with the growth of
video length and could fail in long-term applications like surveillance or sports
broadcasting. For example, a ten-minute video at 1 frame per second (FPS) can-
not be handled by most single modern GPU due to limited memory capacity.

Existing approaches address this memory bottleneck from two aspects. Ar-
chitectural methods [3,24,30,32,32,33] reduce the number of tokens per frame or
introduce specialized trained memory modules to aggregate historical context.
However, they are not compatible with off-the-shelf frozen MLLMs, since they
require costly fine-tuning and alter the original model architecture. Compression
methods [5,9,22,35,36] restrict the cache size using first-in-first-out (FIFO) evic-
tion, similarity-based merging, or prompt-guided retrieval. However, they ignore
the fact that different heads could serve entirely different temporal roles and are
limited by the same compression strategy for each attention head within a layer.

In this paper, we reveal that attention heads in a MLLM inherently achieves
streaming video understanding with different types of temporal behavior. We per-
form a systematic Spatiotemporal Attention Profiling (SAP) across the stages
of visual prefilling and text querying, and discover that attention heads natu-
rally fall into three distinct categories: i) instantaneous heads that focus on
the spatial details of current frame, ii) short-term heads that concentrate on
recent temporal context, and iii) episodic heads that maintain a global re-
ceptive field over the entire history of streaming video. We emphasize that this
specialization of heads is an inherent property of the pre-trained weights, and
remains consistent across different videos and query inputs. The significantly
varying temporal behavior of heads within a single layer suggests that existing
methods yield sub-optimal layer-wise compression with uniform strategy.

Motivated by this finding, we propose the Head-aware Heterogeneous
Streaming Video Cache (H2SVC) framework for training-free KV cache
compression to allow streaming videos of infinite length. H2SVC is fully com-
patible with hardware-efficient kernels such as Flash Attention [8] by entirely
operating on raw Key and Value vectors without requiring the attention weight
matrix. We first classify all the heads into the instantaneous, short-term and
episodic categories using our profiling metrics in an offline manner without in-
curring extra compute cost in subsequent inference. Consequently, we design a
specific KV cache compression strategy to each category of heads via dedicated
memory banks. Particularly, we develop Online Semantic Trajectory Curvature
Eviction (STCE) for the global memory bank of episodic heads to maintain
a bounded yet semantically diverse episodic memory under the strict stream-
ing budget. STCE models the Value state as a continuous geometric trajectory
rather than traditional pairwise similarity to simultaneously evict predictable
frames (with low curvature) and preserve sharp semantic turning points.

Our contributions are summarized as below.

– We reveal the temporal heterogeneity of attention heads in MLLMs for
streaming video understanding through a systematic SAP, and demonstrate
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the input-agnostic property of instantaneous, short-term and episodic heads
in temporal behavior.

– We propose H2SVC that exploits the temporal heterogeneity of attention
heads and achieves head-aware KV cache compression in a training-free fash-
ion. We adapt KV cache of heads of different temporal behavior to specific
memory banks with offline Head-Aware Heterogeneous KV Routing for high-
efficiency compression.

– We further develop Semantic Trajectory Curvature Eviction (STCE) for
episodic heads with global memory bank. STCE resorts to a geometry-aware
online algorithm that identifies and evicts predictable frames, while preserv-
ing key semantic events.

– Extensive experiments across widely adopted benchmarks (e.g. Streaming-
Bench, OVO-Bench) and three prevailing backbones show that H2SVC con-
sistently outperforms existing training-free offline-to-online methods. Re-
markably, H2SVC achieves state-of-the-art performance and matches full-
context offline models with reduced KV cache memory.

2 Related Work

Streaming and Online Video Understanding. Early efforts to adapt offline
MLLMs for streaming video primarily focused on architectural and training-level
innovations. TimeChat-Online [32] designs a Differential Token Drop module to
eliminate redundant visual tokens. StreamForest [33] organizes streaming frames
into persistent event-level tree structures, and StreamingVLM [30] aligns training
and inference through an overlapped-chunk attention strategy. However, these
methods ignore the inherent heterogeneity of different heads in perceiving the
video stream. They require costly supervised fine-tuning on large-scale stream-
ing data or uniformly apply the same temporal compression policy across all
attention heads.
Sparse Attention in LLMs. To avoid the high cost of architectural mod-
ifications, sparse attention and KV cache eviction have been widely explored
for handling long contexts in LLMs [16, 19, 29, 34, 39]. StreamingLLM [29] pre-
serves initial “attention sinks” and recent tokens via sliding window attention,
while H2O [39] and SnapKV [16] dynamically evict tokens with low accumulated
attention scores. Despite effective for pure texts, these token-level strategies can-
not be easily transferred to streaming videos. Unlike discrete text tokens with
relatively uniform semantic density, video frames exhibit high Spatio-temporal
redundancy and continuous semantic transitions. Attention-guided eviction often
struggles to distinguish genuine dynamic events from static background noise.
KV Cache Compression for Streaming Video. To address the unique chal-
lenges of video redundancy, a parallel line of research targets the KV cache
bottleneck via video-specific training-free compression. These methods employ
strategies like FIFO eviction [35], query-guided retrieval [5, 9, 22], dual-metric
scoring [12], or layer-wise hierarchical budgets [36]. However, existing meth-
ods suffer from two shared critical limitations. First, they treat all attention
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heads within a layer identically, and fail to exploit fine-grained head-wise tem-
poral specialization. Second, they are incompatible with hardware-efficient kernel
such as Flash Attention [8], since these methods rely on inference-time attention
weights [22, 36] and have to materialize the full O(N2) attention matrix. Our
work addresses these limitations through offline head-aware KV routing and a
geometry-aware eviction strategy that operates purely on the Value vectors.

3 Motivation: Temporal Heterogeneity of Attention
Heads

A fundamental assumption underlying existing streaming video KV cache meth-
ods is that all attention heads within a transformer layer share the same tempo-
ral behavior, and therefore, deserve the same compression, sliding, or retrieval
strategy. We challenge this through two complementary analyses: a qualitative
visualization on individual heads in Section 3.1, and a systematic quantitative
profiling across the entire model in Section 3.2.

3.1 Head-Level Attention Visualization

We first analyze the attention distributions of LLaVA-Video-7B [38] on a 64-
frame streaming video to understand how visual and text tokens attend to histor-
ical video frames. Specifically, we examine three representative attention heads
across two stages: (1) visual prefilling, measuring how a newly arrived frame
attends to past context, and (2) text querying (including text prefilling
and decoding), measuring how text tokens attend to the video context. As
shown in Figure 1, these heads exhibit significantly distinct temporal behaviors:

– Layer1-Head1 maintains a global temporal receptive field to extract long-
term context. It allocates dominant attention (89%) to inter-frame tokens
during visual prefilling, and remains broadly distributed across the entire
video history during text querying.

– Layer17-Head1 shows a strong recency bias. In both visual prefilling and
text querying, attention concentrates heavily on the most recent frames,
which are responsible for tracking recent motion dynamics.

– Layer12-Head0 exhibits weak dependency on historical temporal context.
In visual prefilling, attention is almost exclusively allocated to the intra-
frame spatial tokens of the current frame (93%), and text querying also
shows negligible weight over the visual history. Such heads are dedicated to
extracting immediate semantics of current context rather than maintaining
historical visual memory.

These observations reveal a clear division of roles in how the model pro-
cesses streaming video: different attention heads naturally specialize in distinct
temporal receptive fields.
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Fig. 1: Attention behavior across different heads. Li-Hj denotes the j-th head in
the i-th LLM layer. Each point denotes the average attention weight from query tokens
to a specific context segment (Sys.: system prompt; Fi: the i-th video frame; T: text
tokens). The number in the legend indicates the total attention mass for that segment.
Top row (visual prefilling) shows the average attention from the last frame as query
to preceding context. Bottom row (text querying) shows the average attention from
all text tokens (question and answer) as query to the preceding context.

3.2 Spatio-temporal Attention Profiling (SAP)

To systematically quantify the temporal heterogeneity observed in our motiva-
tional analysis, we conduct a comprehensive profiling experiment. We randomly
sample a diverse set of videos (detailed in Appendix B) and prompt the model
with a query: “Please provide a detailed description of the video, focusing on the
main subjects, their actions, the background scenes.”

During inference, we extract and aggregate the attention maps for all Key-
Value (KV) heads3 across the 28 transformer layers of LLaVA-Video-7B. To
precisely measure the temporal receptive field of each head from these maps, we
define two metrics: Vision-to-Vision Temporal Attention Distance (TADV 2V )
and Text-to-Vision Temporal Attention Distance (TADT2V ).

Formally, let Fi be the set of visual tokens belonging to the i-th video frame,
where i ∈ {1, 2, . . . , N} and N is the total number of frames. For a given query
token q at a specific KV head h, we define A

(h)
q,Fj

=
∑

k∈Fj
A

(h)
q,k as the aggregated

attention weight directed towards the entire j-th frame. For models employing
Grouped-Query Attention (GQA), the attention map for a KV head is computed
as the average of attention maps from its associated group of Query heads.

The TADV 2V quantifies the expected temporal look-back distance during
the visual prefilling stage. It is formulated as the expectation over all queries
3 LLaVA-Video employs Grouped-Query Attention (GQA) [1] with 4 KV heads per

layer. Since KV cache compression operates on KV states, our profiling targets these
KV heads rather than the query heads.
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Fig. 2: TAD profiling of KV heads in LLaVA-Video-7B. (a) 2D scatter of
TADV 2V vs. TADT2V for all heads; colors indicate layer depth (1→28). (b) Mean
TAD heatmap per head across diverse videos. (c) Standard deviation of TAD scores,
showing each head’s temporal preference is stable across different input videos.
across all frames, and further averaged over the entire sampled video set V:

TAD
(h)
V 2V = Ev∈V

 1

Nv

Nv∑
i=1

Eq∈Fi

 i∑
j=1

A
(h)
q,Fj

· (i− j)

 (1)

Here, Nv is the total number of frames in video v, i is the index of the cur-
rent query frame, and j is the index of the historical key frame. Intuitively, if
TADV 2V approaches 0, it indicates that the video frames almost exclusively
attend to intra-frame spatial tokens (j = i), exhibiting no historical look-back.
Conversely, a significantly larger TADV 2V signifies a broader temporal receptive
field, meaning the head consistently aggregate distant, global historical visual
context across the temporal axis.

Similarly, the TADT2V evaluates the temporal distance that text query qt
attend to visual context, where the reference point for the temporal distance is
the final frame Nv, and the text queries can attend to the entire historical visual
sequence j ∈ {1, . . . , Nv}:

TAD
(h)
T2V = Ev∈V

Eqt

 Nv∑
j=1

A
(h)
qt,Fj

· (Nv − j)

 (2)

Similarly, a small TADT2V implies that the text tokens focus on the most recent
video frames, while a larger TADT2V demonstrates that the text tokens retrieve
information from distant, global historical frames to formulate the response.

As illustrated in Figure 2, we visualize the distribution of TADV 2V and
TADT2V for all KV heads. We identify three critical findings that fundamentally
challenge the conventional design of video KV caches:

– Finding 1: Consistent Temporal Dynamics across Modalities. The
strong positive correlation between TADV 2V and TADT2V indicates that
heads preferring long-range context during visual prefilling maintain this
global visual receptive field for text querying. This alignment reveals that
visual and text tokens share highly consistent temporal attention patterns
when processing historical visual context.
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– Finding 2: Significant Intra-Layer Head Heterogeneity. Heads be-
longing to the same layer (identical colors in Figure 2(a)) are widely scattered
across the TAD spectrum. This high intra-layer variance proves that tradi-
tional layer-wise cache management is inherently sub-optimal, necessitating
a strictly fine-grained, head-wise cache management strategy.

– Finding 3: Input-Agnostic Intrinsic Robustness. Across diverse videos
and prompts, the variance of TAD scores remains small (see Appendix B).
This indicates that a head’s spatio-temporal preference is not heavily condi-
tioned on the input, but is an inherent property of the pre-trained weights.

Motivated by these findings, we propose the Head-aware Heterogeneous
Streaming Video Cache (H2SVC) framework to leverage this inherent tem-
poral heterogeneity for efficient long-video understanding.

4 Proposed Framework for KV Cache Compression

The proposed H2SVC framework enables infinite video streaming with a strictly
bounded memory budget through two tightly coupled components. First, we
categorize each head into different types according to computed TAD and im-
plement an offline static routing strategy that assigns each head’s KV cache to
a dedicated memory bank. Second, to maintain the memory bound during on-
line streaming, we introduce a online geometry-aware eviction strategy, named
Semantic Trajectory Curvature Eviction (STCE), optimized specifically
for the long-term episodic bank.

4.1 Offline Head-Aware Heterogeneous KV Routing

Phase 1: Offline Head Classification. We normalize both TADV 2V and
TADT2V computed during profiling stage to a [0, 1] range across all H attention
heads. We then calculate a unified Temporal Receptive Score S(h) for each KV
head h by averaging the two normalized values, where N (·) is min-max normal-
ization. This score reflects how much the head relies on historical visual context:

S(h) =
1

2

(
N (TAD

(h)
V 2V ) +N (TAD

(h)
T2V )

)
(3)

Next, we sort all heads by their S(h) scores and divide them into three distinct
categories. NOTE THAT this classification is performed only once offline prior
to deployment, yielding a static Head Classification Map Ch:

– Instantaneous Heads (Bottom 10%): Heads with the lowest S(h), focusing
primarily on the immediate, ultra-short temporal context.

– Short-term Heads (Middle 40%): Heads with moderate S(h), tracking re-
cent temporal context.

– Episodic Heads (Top 50%): Heads with the highest S(h), maintaining a
global receptive field over the entire video history.
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Fig. 3: Overview of the H2SVC framework. Left: We propose a spatialtemporal
profiling to classify all KV heads into instantaneous, short-term, and episodic heads.
Right: During inference, we route the KV cache of each head into banks according to
its head type, including ultra-short cache, streaming cache, and global cache.

Phase 2: Static KV Routing. During inference, each head’s KV states are
statically routed to specific heterogeneous memory bank according to the pre-
computed map Ch with corresponding compression strategy:

– Instantaneous Bank: Heads classified as Instantaneous are routed to an
Ultra-Short Cache. This cache only keeps a small FIFO sliding window of
Ws frames, saving memory for heads that exclusively focus on immediate
spatial details.

– Short-term Bank: Heads classified as Short-term are routed to a Streaming
Cache. It maintains a standard FIFO sliding window of Ww frames to track
recent motion and short-term changes.

– Episodic Bank: Heads classified as Episodic require global context and are
routed to a Global Cache with a budget of Ne frames. Instead of a simple
sliding window, this cache uses our proposed Semantic Trajectory Curvature
Eviction to continually drop redundant frames, keeping important long-range
events indefinitely.

In this way, during both visual prefilling and text querying, the Multi-Head
Attention mechanism naturally accommodates the heterogeneous cache lengths.
Specifically, for each attention head h, its corresponding query states Q(h) inter-
act with the updated KV cache K

(h)
cache and V

(h)
cache maintained by its assigned

memory bank. Then, the outputs from all heads are simply concatenated along
the head dimension as in standard transformer architectures, which ensures that
our heterogeneous routing introduces no structural modification to the attention
computation itself.

4.2 Online Semantic Trajectory Curvature Eviction (STCE)

For the Episodic heads, we restrict the Global Memory bank with a limit of
Ne frames and define an importance score I(·) for each cached frame to guide
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eviction. When the bank is full, the frame with the lowest importance score I(·)
is evicted upon the arrival of each incoming frame. A straightforward baseline
is Uniform Eviction that discards frames to maintain equal temporal spacing.
However, it is content-agnostic and cannot distinguish semantically rich events
from redundant transitions. A more informed strategy is Similarity Eviction that
removes a frame when it closely resembles its neighbors, but could fail under
smooth continuous motions. A frame may differ from its neighbors yet remain
highly predictable, as it lies on a straight interpolatable path between them.

To address this, we model the sequence of cached Value states as a geometric
trajectory in the latent feature space. A frame lying on a smooth path between its
temporal neighbors is semantically predictable and thus redundant. In contrast,
a frame at a sharp turn in the trajectory marks a semantic inflection point
or event boundary. We therefore use the geometric curvature at each frame’s
position to measure its informational value.

Crucially, we compute this trajectory strictly using the Value states (V )
rather than the Key states (K), as Rotary Position Embeddings (RoPE) [27] en-
codes absolute position into K, introducing positional bias that distorts geomet-
ric distances and confounds semantic similarity. Let {Fj}Ne

j=1 denote the frames
currently stored in the Global Memory bank, ordered by arrival time, where j is
its position index in the memory bank. For frame Fj , let Vj denote its frame-level
Value representation, we define −→v in = Vj − Vj−1 and −→v out = Vj+1 − Vj be the
semantic velocity in Value space, where Fj−1 and Fj+1 are temporally adjacent
frames in the cache. The importance score I(j) is the product of three terms:

Icurve(j) = (1− CosSim(−→v in,
−→v out))︸ ︷︷ ︸

Angular Curvature

·min(||−→v in||2, ||−→v out||2)︸ ︷︷ ︸
Magnitude Gating

· log(tj+1 − tj−1)︸ ︷︷ ︸
Temporal Weight

.

(4)

1. Angular Curvature: 1− CosSim(−→v in,
−→v out). This term measures the di-

rectional change of trajectory. A near-zero value indicates a smooth, pre-
dictable transition, whereas a larger value signals a sharp semantic turning.

2. Magnitude Gating: min(∥−→v in∥2, ∥−→v out∥2). In static scenes, small feature
variations are mostly noise and can produce unstable angle estimates. This
term suppresses false high-curvature scores in low-motion regions.

3. Temporal Weight: log(tj+1 − tj−1), where tj denotes the original frame
index of Fj in the video stream. This term favors frames that span larger
temporal intervals in the cache, preventing the bank from being dominated
by densely sampled adjacent frames.

A frame receives a low score if it is semantically predictable (low curvature),
lies in a static region (low magnitude), or covers only a small temporal span.
Importantly, evicting a frame Fj only invalidates the scores of its two neighbors
Fj−1 and Fj+1, so we recompute only those two scores rather than rescoring the
entire bank. This local update keeps the per-frame overhead constant regard-
less of bank size, ensuring the Global Cache scales efficiently to infinitely long
streaming videos. Algorithm 1 in Appendix C describes the complete procedure.
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5 Experiments

5.1 Experimental Setup

Benchmarks. We evaluate our method across two categories of benchmarks
to comprehensively assess its capabilities. For Online Benchmarks, we use
StreamingBench [18], OVO-Bench [23], ODV-Bench [33], and RVS [35] to test
real-time video understanding, and streaming temporal reasoning under strict
memory constraints. For Offline Benchmarks, we evaluate on Video-MME [10],
MLVU [40], and EgoSchema [21] to verify that our streaming cache compression
incurs minimal performance degradation on the model’s general video compre-
hension abilities compared to full-cache offline inference.
Baselines and Backbone Models. H2SVC is a plug-and-play, training-free
method that can be applied to any off-the-shelf MLLM. We report results across
three backbone families: LLaVA-OneVision-7B [13], LLaVA-Video-7B [38], and
Qwen2.5-VL-7B [2]. We compare against (i) open-source offline MLLMs, in-
cluding Video-LLaVA [17], VideoChat2 [15], LongVA [37], Kangaroo [20], and
VideoXL [25], (ii) open-source online MLLMs, including VideoLLM-Online [3],
TimeChat-Online [32], DiSpider [24], StreamForest [33], and (iii) training-free
offline-to-online methods, including ReKV [9], LiveVLM [22], StreamKV [5],
Flash-VStream [35], InfiniPot-V [12], StreamMem [31], and StreamingTOM [4].
Implementation Details. All experiments use the default cache budget M:
(Ne,Ww,Ws) = (64, 16, 4) frames per head unless noted otherwise. During online
inference, incoming video streams are processed via frame-by-frame encoding and
prefilling. Head profiling and classification is performed offline on 50 randomly
sampled videos using the combined TAD score S(h); the resulting classification
map is then frozen for all inference runs. All models run on NVIDIA H800 GPU.
No task-specific fine-tuning is applied at any stage.

5.2 Main Results

Table 1 reports performance across the online benchmarks. First, H2SVC con-
sistently outperforms other training-free offline-to-online methods across diverse
backbones and benchmarks. On LLaVA-OV-7B, H2SVC achieves 73.9 on Stream-
ingBench (+1.0 over LiveVLM, +5.1 over StreamKV) and 61.0 on OVO-Bench,
and even outperforms the dedicated streaming model StreamForest (56.61).
Second, H2SVC consistently surpasses full-context offline baselines on the on-
line benchmarks, such as Backward subtest of OVO-Bench, where long-range
episodic memory is critical, demonstrating that the Semantic Curvature Evic-
tion selectively preserves semantically pivotal frames. Third, applying H2SVC to
the stronger LLaVA-Video-7B yields the highest overall numbers (77.5 / 62.6),
confirming that head-aware KV routing scales effectively with the base model.
Table 3 further validates these findings on the RVS benchmark; H2SVC outper-
forms all comparisons on both Ego and Movie subsets.

Table 2 evaluates our streaming compression method on the offline bench-
marks. Our H2SVC shows comparable or even improved performance compared
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Table 1: Performance comparison on online benchmarks. ‡: reproduced results.

Model Size #Frames StreamingBench OVO-Bench ODV-bench
Real-Time Real-Time Backward Avg. Avg.

Human - - 91.5 93.2 92.3 92.8 91.4

Open-source Offline MLLMs

Video-LLaMA2 [7] 7B 32 49.5 - - - -
LongVA [37] 7B 128 60.0 - - - 50.2
Qwen2-VL [28] 7B 64 69.0 60.7 48.6 54.6 55.6
InternVL2 [6] 8B 16 63.7 60.7 44.0 52.4 -
MiniCPM-V2.6 [11] 8B 32 67.4 - - - 49.8

Open-source Online MLLMs

Flash-VStream [35] 7B - 23.2 29.9 25.4 27.6 35.7
VideoLLM-Online [3] 8B 2 fps 36.0 20.8 17.7 19.3 -
Dispider [24] 7B 1 fps 67.6 54.6 36.1 45.3 45.2
TimeChat-Online [32] 7B 1 fps 75.4 61.9 41.7 51.8 -
StreamForest [33] 7B 1 fps 77.3 61.2 52.0 56.6 59.9

Training-free Offline-to-Online Methods

LLaVA-OV [13] 7B 32 71.1 61.5 43.4 52.5 51.3
+ ReKV [9] - 0.5 fps 69.1 64.4 46.7 55.6 50.9‡

+ LiveVLM [22] - 0.5 fps 72.9 - - 53.5‡ 50.8‡

+ StreamKV [5] - 0.5 fps 68.8 - - - -
+ H2SVC - 0.5 fps 73.9 65.7 56.3 61.0 52.4

LLaVA-Video [38] 7B 64 75.4‡ 63.0‡ 52.7‡ 57.8‡ 52.6‡

+ ReKV [9] - 1 fps 72.9‡ - - 57.1‡ 52.1‡

+ LiveVLM [22] - 1 fps 76.9‡ - - 59.0‡ 51.9‡

+ H2SVC - 1 fps 77.5 67.2 58.0 62.6 53.1

Qwen2.5-VL [2] 7B 1 fps 72.6‡ 64.7‡ 48.3‡ 56.5‡ 57.4‡

+ ReKV [9] - 1 fps 68.1‡ - - 53.4‡ 54.9‡

+ LiveVLM [22] - 1 fps 73.2‡ - - 56.3‡ 57.3‡

+ InfiniPot-V [35] - 1 fps 76.4 65.9 47.6 56.8 -
+ H2SVC - 1 fps 77.0 67.7 52.8 60.3 58.7

to the full-cache offline baselines. For example, LLaVA-OV-7B + H2SVC achieves
65.1 on MLVU-dev compared to the offline baseline’s 64.7. This suggests that
our head-aware KV routing and semantic eviction not only save memory but
also act as an effective noise filter, which removes useless temporal redundancy
that might confuse the attention mechanism during long video tasks.

5.3 Ablation Study
Table 3: Performance on RVS-Ego
and RVS-Movie. †: upper bound.

Method RVS-Ego RVS-Movie

Acc Sc. Acc Sc.

LLaVA-OV-7B [13] 56.2 3.7 43.0 3.3
+ ReKV† [9] 63.7 4.0 54.4 3.6

+ ReKV w/o off. [9] 55.8 3.3 50.8 3.4
+ Flash-VStream [35] 57.0 4.0 53.1 3.3
+ InfiniPot-V [12] 57.9 3.5 51.4 3.5
+ StreamMem [31] 57.6 3.8 52.7 3.4
+ StreamingTOM [4] 58.3 3.9 53.2 3.5
+ H2SVC 58.9 4.0 54.2 3.6

To study the effect of each design com-
ponent in H2SVC, we conduct ablation
experiments using LLaVA-Video-7B on
the Video-MME and OVO-Bench bench-
marks. Results are detailed in Table 4.
(a) Effect of Different Classifica-
tion Granularity. Head-wise classifica-
tion and routing significantly outperforms
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Table 2: Performance comparison on offline benchmarks. ‡: reproduced results.

Model Size #Frames EgoSchema MLVU-dev VideoMME (w/o. sub)

Medium Long All

Open-source Offline Video LLMs

Video-LLaVA-7B [17] 7B 8 38.4 47.3 38.0 36.2 39.9
VideoChat2-7B [15] 7B 16 54.4 47.9 37.0 33.2 39.5
LongVA [37] 7B 128 – 56.3 50.4 46.2 52.6
Kangaroo [20] 8B 64 – 61.0 55.3 46.6 56.0
VideoXL [25] 7B 128 – 64.9 53.2 49.2 55.5

Open-source Online Video LLMs

MovieChat [26] 7B 2048 53.5 25.8 – 33.4 38.2
Dispider [24] 7B 1 fps 55.6 61.7 53.7 49.7 56.5
StreamForest [33] 7B 1 fps – – – – 61.4

Training-free Offline-to-Online Methods

LLaVA-OV [13] 7B 32 60.7 64.7 57.6 47.4 58.4
+ H2SVC - 0.5 fps 62.1 65.1 56.9 48.6 59.0

LLaVA-Video‡ [38] 7B 64 58.0 67.5 61.6 52.3 63.3
+ H2SVC - 1 fps 59.0 67.0 60.7 53.4 63.0

Qwen2.5-VL‡ [2] 7B 1 fps 60.4 64.7 61.8 52.9 63.2
+ H2SVC - 1 fps 60.9 65.7 60.4 53.1 62.7

layer-wise routing (+2.5 on Video-MME, +0.7 on OVO-Bench). For layer-wise
baseline, we average the TAD scores of all heads within a layer and assign every
head in that layer to the same memory based on this single value. This forces
heads with distinct temporal behaviors into a shared cache stream, improperly
conflating fine-grained head-level specialization. The result validates Finding 2
(Section 3.2): the high intra-layer TAD variance renders layer-level assignment
suboptimal.
(b) Effect of Head Ratio for Each Type. We ablate the ratio of heads
assigned to each type. Using only Instantaneous heads degrades Video-MME
to 49.1, as long-range context is entirely discarded; using only Episodic heads
drops OVO-Bench to 59.5, losing fine-grained short-term cues. While our default
setting achieves best performance. These results confirm that the three banks
are both effective and complementary in the streaming video understanding.
(c) Effect of Memory Bank Budget. We compare three budget levels (S, M,
L) with increasing (Ne,Ww,Ws) values. Scaling from S to M yields consistent
gains (+1.3 on Video-MME, +2.7 on OVO-Bench). Further scaling to L pro-
vides gains on Video-MME (+1.5) but degrades OVO-Bench by 1.1. To balance
accuracy-memory trade-off, we set the (Ne,Ww,Ws) = (64, 16, 4) as default.
(d) Ablation of Curvature Eviction Components. We ablate each com-
ponent of our STCE. As baselines, Uniform Eviction scores each frame by its
temporal gap I(j) = tj+1 − tj−1, retaining uniformly spaced frames; Similarity
Eviction scores by its similarity to the preceding frame I(j) = CosSim(Vj , Vj−1),
retaining frames that differ most from their predecessor. On Video-MME, both



H2SVC 13

Table 4: Comprehensive Ablation Studies on Video-MME and OVO-Bench.
Avg. KV size denotes the average length of visual KV cache retained per layer (as-
suming 182 tokens per frame for LLaVA-Video-7B). Default settings of our methods
are marked with gray background .

Ablation / Setting Avg. KV size Video-MME (w/o. sub) OVO-Bench
Medium Long All Real-Time Backward Avg

(a) Classification Granularity

Layer-wise 7K 58.8 52.0 60.5 66.1 57.7 61.9
Head-wise (Ours) 7K 60.7 53.4 63.0 67.2 58.0 62.6

(b) Head Ratio of Each Type (Instantaneous : Short-term : Episodic)

1.00 : 0.00 : 0.00 (All Instantaneous) 0.7K 49.0 45.7 49.1 70.1 54.5 62.3
0.00 : 1.00 : 0.00 (All Short-term) 3K 51.6 48.7 54.0 68.0 57.1 62.6
0.00 : 0.00 : 1.00 (All Episodic) 12K 61.8 53.9 64.0 63.6 55.5 59.5
0.00 : 0.50 : 0.50 7K 60.8 52.7 62.8 65.9 56.7 61.3
0.33 : 0.33 : 0.33 5K 53.3 50.4 55.6 68.3 57.3 62.8
0.20 : 0.40 : 0.40 6K 54.4 51.4 57.0 66.9 58.3 62.6
0.10 : 0.40 : 0.50 (Ours) 7K 60.7 53.4 63.0 67.2 58.0 62.6
Full Context (Offline Baseline) 12K 61.6 52.3 63.3 63.0 52.7 57.8

(c) Memory Bank Budget (Ne,Ww,Ws)

Budget S: (32, 8, 2) 3.5K 58.3 52.9 61.7 64.5 55.3 59.9
Budget M: (64, 16, 4) (Ours) 7K 60.7 53.4 63.0 67.2 58.0 62.6
Budget L: (128, 32, 8) 14K 63.0 54.4 64.5 65.5 57.4 61.5

(d) Curvature Eviction Components

Uniform Eviction 7K 60.9 51.7 61.7 65.7 57.5 61.6
Semantic Eviction 7K 60.5 52.6 62.0 66.1 56.3 61.2
STCE w/ Key-based Trajectory 7K 60.4 53.1 62.7 66.5 56.7 62.1
STCE w/o Magnitude Gating 7K 60.2 52.7 62.6 65.5 57.3 61.4
STCE w/o Time Weight 7K 60.3 52.8 62.7 68.0 57.0 62.5
STCE (Ours) 7K 60.7 53.4 63.0 67.2 58.0 62.6

(e) Head Classification Metric.

TADV 2V only 7K 60.1 53.7 62.2 68.2 57.8 63.3
TADT2V only 7K 59.3 53.3 61.2 67.1 57.7 62.4
Combined Score S(h) (Ours) 7K 60.7 53.4 63.0 67.2 58.0 62.6

baseline underperform our STCE (61.6 and 61.2 vs. 62.6), confirming the superi-
ority of our trajectory curvature-based scoring. Replacing Value-based curvature
with Key-based (62.1) shows that RoPE in Key states distorts redundant frame
eviction. Removing the Magnitude Gating term (61.4) or the Temporal Weight
term (62.5) each degrade the performance, indicating that all components are
necessary for suppressing static noise and maintaining temporal diversity.

(e) Effect of Head Classification Metric. We compare three variants of the
TAD-based routing metric. Using only TADV 2V (62.2 on Video-MME) ignores
head behavior during text decoding, while using only TADT2V (61.2 on Video-
MME, 62.4 on OVO-Bench) misses the visual aggregation patterns established
during visual prefilling. The combined score S(h) achieves the best performance
on both benchmarks, confirming that jointly modeling both stages is essential
for accurate head classification.
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5.4 Efficiency Analysis

To assess the practical deployment value of H2SVC, we evaluate its efficiency
from two perspectives: performance under constrained KV cache budgets, and
memory and throughput scaling across different video lengths. All experiments
use Qwen2.5-VL-7B with a fixed token budget of 256 tokens per frame.
Performance under Different KV Budgets. Table 5 compares H2SVC with
Qwen2.5-VL under varying KV budgets. For Qwen2.5-VL, the budget is con-
trolled by setting an upper bound on the number of input frames; for H2SVC,
it refers to the average KV cache capacity across all heads. First, under the
same tight budget of 5K, H2SVC outperforms Qwen2.5-VL by +5.9 on OVO-
Bench (59.5 vs. 53.6). Second, even when the budget is reduced by 90% relative
to Qwen2.5-VL (10K vs. 100K), H2SVC achieves higher OVO-Bench (61.1 vs.
57.5, +3.6) and nearly identical Video-MME (62.5 vs. 63.2, −0.7), showing its
strong streaming understanding performance.

Table 5: Performance under varying KV cache/frame budgets (Qwen2.5-VL-7B).

Method KV Budget Video-MME (w/o sub) OVO-Bench
Middle Long All Real-Time Backward Avg.

Qwen2.5-VL
100K / 400 frames 61.3 52.7 63.2 63.8 51.2 57.5
10K / 40 frames 60.9 51.2 62.8 61.8 48.0 54.9
5K / 20 frames 57.3 48.9 60.6 61.1 46.0 53.6

+ H2SVC (Ours) 10K / (Ne,Ww,Ws) = (64, 16, 4) 60.2 52.7 62.5 67.8 54.4 61.1
5K / (Ne,Ww,Ws) = (32, 8, 2) 58.0 50.1 61.3 67.7 51.3 59.5

Efficiency and Scalability. As shown in Table 6, H2SVC achieves con-
sistent efficiency across all video lengths, while Full KV degrades rapidly as
the length grows. (i) H2SVC remains nearly constant for VRAM (17–19 GB),
whereas Full KV grows linearly (17.8→76.2 GB), yielding a 4.0× reduction for
512 seconds streaming video. (ii) H2SVC stays stable for visual refill at ∼20.5
FPS( frames processed per second), whereas Full KV drops to 12.4 FPS. (iii)
Decoding throughput also remains steady at ∼42 tok/sec for H2SVC , compared
to Full KV’s decline to 26.8 tok/sec. This result confirm the practicality for long-
horizon streaming video understanding of our method.

Table 6: Efficiency comparison across different video lengths (Qwen2.5-VL-7B, single
H800 GPU). For H2SVC rows, red / green subscripts denote gains / drops vs. the Full
KV baseline at the same video length.

Method Length (sec) VRAM (GB) ↓ FPS (frame/sec) ↑ Throughput (tok/sec) ↑

Full KV 64 17.8 22.9 48.9
H2SVC 64 16.7 (-6.2%) 21.8 (-4.8%) 42.3 (-13.5%)

Full KV 128 20.5 20.5 43.2
H2SVC 128 17.1 (-16.6%) 20.6 (+0.5%) 41.4 (-4.2%)

Full KV 256 38.6 17.6 36.4
H2SVC 256 17.8 (-53.9%) 20.4 (+15.9%) 42.4 (+16.5%)

Full KV 512 76.2 12.4 26.8
H2SVC 512 19.0 (-75.1%) 20.5 (+65.3%) 42.7 (+59.3%)
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6 Conclusion

We presented H2SVC, a training-free KV cache compression framework for infi-
nite streaming video understanding. By discovering and leveraging the inherent
temporal heterogeneity of attention heads, H2SVC assigns each head’s cache to a
dedicated memory bank and employs a Semantic Trajectory Curvature Eviction
strategy. This approach achieves state-of-the-art performance and maintains ro-
bust long-range reasoning while reducing KV cache memory by over 50%, all
while remaining fully compatible with Flash Attention.
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