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Abstract. Video vision-language models (VLMs) are increasingly used
in long-horizon and streaming settings, yet most video encoders still rely
on spatiotemporal self-attention, causing compute and latency to grow
quadratically with the number of frames. Existing efficiency methods
improve scalability but often lose accuracy relative to full self-attention,
for example through aggressive frame/token dropping or coarse attention
approximations. We introduce StateKV, an inference-time method that
adapts pretrained long-video VLMs to linear-time video prefill by carrying
cross-frame context in a fixed-capacity, importance-based recurrent state,
paired with a second full per-frame cache used for decoding. Across three
long-video benchmarks and seven models spanning three families and
multiple scales, StateKV remains close to full self-attention and consis-
tently outperforms dominant sliding-window / recency-based streaming
approximations, without fine-tuning or architectural changes. StateKV
also reduces video-prefill cost measured FLOPs, enabling stronger accu-
racy at a fixed compute budget by running larger models. These results
suggest a practical step toward scalable long-video understanding.
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Fig.1: Overview of StateKV. Left: a frozen pretrained VLM processes a video in-
crementally, one frame at a time. While StateKV maintains approximately constant
marginal video-prefill compute per added frame (red), unmodified full self-attention
(gray) incurs in increasing per-frame cost. This yields linear video-prefill scaling in the
number of frames for StateKV, in contrast to quadratic scaling for the base model.
Right: compute-accuracy frontier at 512 frames (VideoMME), where StateKV surpasses

ReKV and full self-attention operating points across practical compute budgets.
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1 Introduction

Modern video VLMs are increasingly vital for long-horizon and streaming tasks
such as autonomous driving and embodied robotics, where models must integrate
evidence over minutes or hours, often in real time. However, a central challenge
for long-video VLMs is that their computational cost grows quadratically with
the length of the video. Because dominant architectures allow each frame to
attend over all previous video tokens, the per-frame computational cost rises
as the video grows, and the overall complexity of processing the entire video
scales quadratically. This creates a significant bottleneck for practical deployment
and rules out real-time streaming applications entirely: a car that has driven
for an hour is, in principle, harder to query than one that just started. Linear
overall complexity or, equivalently, constant per-frame cost, is therefore central
to scalable long-video understanding, and a critical prerequisite for streaming.

Most existing efficiency strategies focus on shrinking the input to the under-
lying quadratically-scaling transformer, but this often reduces information more
than it reduces true complexity. Common approaches (i) subsample frames, (ii)
trim visual tokens at the input layer, or (iii) compress the visual context (e.g.
by compressing the KV cache). A practical limitation of these methods is that
aggressive compression can substantially degrade long-video performance unless
a relatively large fraction of the visual information is retained. For instance,
prior work found they must keep a large token fraction (around 60%) to avoid
severe degradation when using cache-compression [66]. This issue can be even
more acute for frame dropping or aggressive patch trimming, which may remove
temporal and spatial cues required for long-horizon reasoning. As a result, many
frame /patch/token dropping methods improve efficiency mainly by redistributing
quadratic cost over a shorter sequence rather than changing the scaling law.

Streaming-prefill methods offer a stronger tradeoff by avoiding compression
altogether, instead separating video encoding from text generation and using
heuristics to reduce the computational overhead of generating the video-only
KV cache. Methods such as ReKV adapt pretrained VLMs, and rely on sliding-
window-based mechanisms to process frames sequentially while constructing
the video KV cache [20]. Unlike fixed-budget compression methods whose final
generation context is O(1) in the number of frames, these approaches usually
keep all per-frame visual tokens for decoding, so generation remains O(N) in the
number of frames N. Although this means generation is less efficient, this tradeoff
is often favorable in long-video settings because the dominant cost by far is the
video-prefill stage, and its complexity is reduced from O(N?) to O(N), yielding
end-to-end complexity that is linear in the number of frames. Furthermore,
follow-up work has explored how to reduce the latency of the generation/query
stage on top of this streaming-prefill paradigm, making it suitable for real time
applications [15,42,80].

While effective in many cases, recency-based heuristics are largely ad-hoc.
Our contribution comes from framing streaming video prefill on frozen pretrained
backbones as approximating full self-attention with a small set of tokens carried
between frames. This formulation makes weaker modeling assumptions than a
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strict recency window and leads to a more principled question: which information
must be preserved between frames so that streaming prefill remains a good
approximation to full attention? Our key observation is that long-video attention
in pretrained VLMs is highly structured: most interactions are within-frame, while
long-range temporal interactions often concentrate on a small set of “temporal sink”
tokens that evolve slowly over time. This structure appears in the tested cases we
analyze, is consistent with how VLM backbones are usually trained (image-first,
then adapted to videos with variable numbers of frames), and aligns with prior
work documenting attention-sink phenomena in language transformers [25,69],
on which VLMs are built. This motivates our novel approach: retain all per-frame
tokens for final decoding as in prior work, but reduce the complexity of video-
prefill by limiting long-range cross-frame interactions with a fixed-capacity state
that identifies and preserves locally relevant tokens and temporal sinks.

We introduce StateKV, an inference-time KV-cache prefill method that adapts
a frozen pretrained VLM backbone to this self-attention-approximation view of
streaming video prefill. Its design follows a small set of core assumptions and is
implemented via two coupled caches per layer: a fixed-capacity temporal state
for cross-frame context, and a detailed per-frame cache that preserves intraframe
structure. StateKV builds the video KV cache incrementally as frames arrive,
then performs standard text decoding conditioned on all video tokens. This yields
O(N) video encoding while preserving full per-frame detail for decoding, resulting
in end-to-end VideoQA complexity that is linear in the number of frames.

Empirically, StateKV delivers strong long-context results on three long-video
benchmarks and consistently outperforms the dominant sliding-window / recency-
based streaming approximation family used for linear-time video prefill. Across
settings, it more closely matches full (O(N?)) spatiotemporal attention while
requiring no fine-tuning or architectural changes. Across three model families and
spanning multiple parameter scales, the same trends recur: StateKV remains close
to full attention and improves steadily as state capacity increases. Moreover, the
reduction in measured FLOPs is dramatic enough to change what is achievable at
a given compute budget: StateKV enables running larger, more accurate models
for cheaper than full self-attention smaller ones.

2 Related Work

Vision language models and the long-video bottleneck. Modern vision-language
models (VLMs) typically pair a strong image encoder (often CLIP-like [49]) with a
large language model through a lightweight cross-modal interface, enabling open-
ended visual understanding and instruction following [2, 31, 36-38, 58, 65]. Recent
open and open-weight systems such as LongVA [84], InternLM-XComposer [82,
83], TimeMarker [14], InternVL2.5/3 [16,91], Qwen-VL/Qwen2-VL/Qwen2.5-
VL/Qwen3-VL [4-6,64], Molmo [19], Eagle2.5 [11], Apollo [92], and LLaVA-style
models including LLaVA-OneVision and LLaVA-Video [30, 87| further push
general-purpose multimodal reasoning and support multi-image and video inputs.
Extending these models to video requires aggregating information across many
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frames; representative video-LLMs include Video-LLaMA [78], VideoChat [32],
VideoLLaMA3 [77], Video-ChatGPT [40], LITA [26], Momentor [47], Hawk-
Eye [67], and TimeChat [50], which adapt image-first backbones using temporal
pooling, per-frame tokenization, and explicit temporal reasoning modules. Closed
models such as Gemini, GPT-family systems, and Claude demonstrate increas-
ingly strong fine-grained and long-context video understanding [1,3,17,44,60]. As
video duration grows, the video-side prefill cost becomes the dominant constraint,
motivating methods that either shrink the number of visual tokens presented to
the model or change how long-range video context is processed.

Token reduction without changing asymptotic order. One line of work improves
efficiency by reducing the number of visual tokens per frame or the number of
frames presented to the model, while leaving the overall sequence-processing
pattern unchanged. Early evidence for this family came from ATP, which studied
how far single-frame selection can go in VideoQA and highlighted that many
benchmarks admit surprisingly strong atemporal baselines [8]; more recent analy-
sis in Codeplexity further argues that current VideoQA models struggle most
on questions whose latent programs require integrating evidence across multiple
frames [22]. At the frame level, methods based on subsampling, adaptive frame
selection, or temporal search retain only a subset of frames for downstream
reasoning [8,9,75,76]. At the token level, prior work reduces the number of
visual tokens through pooling, similarity-based merging, or resampling into a
fixed set of latent queries [27,33,34,71,72,85], others instead retain a subset
of the original tokens, scored by attention or importance (sometimes query-
aware) [13,24,39,70,86], while others combine these operations across both space
and time [57,59]. Recent surveys organize these methods as part of a broader
multimodal token-compression literature [53]. Recent codec-aware tokenization
approaches such as CoPE-VideoLM [52] also fit naturally in this family: rather
than changing the temporal processing order, they reduce the number of tokens
contributed by most frames by replacing dense RGB encoding with compact
codec-derived representations. These approaches often provide strong practical
savings, but they primarily shrink the per-frame representation; they do not
directly change the growth of cross-frame attention once many frames remain in
context.

Long-video and streaming video inference with changed complexity. In long
videos, thousands of frames with hundreds of visual tokens per frame can yield
effective sequence lengths in the millions, making both quadratic attention and
the linear-in-length KV cache footprint dominant constraints. Hybrid long-video
architectures such as VAMBA [51] replace expensive video-token self-attention
with linear-time state-space modules to enable long video understanding, but
they require architectural changes and costly training. Also requiring training,
StreamingVLM [73] induces a fixed attention pattern that relies on sink anchors
so real-time inference can enforce the same pattern efficiently.

Query-agnostic fixed-budget schemes instead compress or regulate the video-
side KV cache to support longer videos or unbounded streams, e.g., InfiniPot-
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V [28], StreamMem [74], and MovieChat [54,55]. In parallel, a recent line of
work reduces long-video cost by decoupling video processing (“prefill”) from
decoding and constructing a video KV cache incrementally as frames arrive.
ReKV [20] is an inference-time adaptation of pretrained VLMs that reduces
the complexity of long video encoding via a sliding-window mechanism, then
answers questions by decoding conditioned on the accumulated per-frame tokens.
Follow-up methods such as HERMES [80], LiveVLM [412], and StreamKV [15]
further optimize the language generation stage via hierarchical KV memories,
streaming-oriented KV cache construction and retrieval, or segment-level re-
trieval /compression with summary tokens, respectively. These directions blur
the boundary between “long-video” and “streaming” settings: in both cases, the
dominant computation is often the video-side prefill, and improving real-time
prefill throughput directly benefits online interaction. Related streaming systems
such as SDQES [21], streaming dense video captioning [90], VideoLLM-online [12],
Flash-VStream [79], and Dispider [48] further emphasize causal processing and
online memory management.

Our approach sits between fixed-budget compression and streaming approxi-
mations: we compress the running state used to build the prefill memory, while
preserving per-frame visual detail for final language generation. Unlike ReKV [20],
which imposes a strict sliding-window view of the past, we treat streaming video
prefill as approximating full self-attention with a small set of tokens carried
between frames. This yields a two-cache structure: a fixed-capacity, importance-
based temporal cache used only during streaming video prefill that carries the
important tokens, and a full detailed cache retained for final language generation.
This design is motivated by empirical structure in long-video attention (dominant
within-frame interactions plus a small set of slowly-varying “temporal sink” to-
kens), and we find that it transfers consistently across multiple pretrained model
families and parameter scales.

KV-cache compression for long-context LLMs and multimodal models. A large
literature studies reducing memory and bandwidth costs of the KV cache in
long-context LLM inference. Training-free eviction and sparsification policies such
as HoO [88] retain a mixture of recent and “heavy hitter” tokens, while learned or
lightly-trained approaches compress or sparsify the cache online (e.g., DMC [41]
and DMS [29]). Other methods design layer- or task-adaptive cache budgets (e.g.,
PyramidKV [10]) or provide practical drop-in schemes for decoding acceleration
(e.g., SnapKV [35] and RocketKV [7]). For multimodal long-context inference,
AdaReTaKe [66], Look-M [63] and MEDA [62] study KV allocation/retention
across modalities. Compared to these mostly text-centric policies, long-video
inference places much of the cost in the video prefill phase and exhibits distinct
attention structure due to frame-based inputs, motivating video-specific designs.
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Fig. 2: Single-transformer-layer view of StateKV, showing the required modifications
to a transformer block. The video stream is processed frame-by-frame with a frozen
backbone. A fixed-capacity compressed state (in blue) allows information from previous
frames to flow through a fixed size set of sink tokens during prefill. Separately, we build
a full length detailed state for decoding (shown in red).

3 Method

3.1 Core Assumptions

Our design relies on empirical properties of attention in long-video VLMs. Let
frame n provide T query tokens and let H,,_; denote the set of keys from frames
< n. For a fixed layer, let A, denote the attention weights produced when
processing frame n. We define the cross-frame importance of a key j € H,,_1 as

T
Snj = Anjij. (1)
=1

Our first assumption is that there exists a set of temporal sinks S,, C H,,_1 with
|Sn| = K and K < |H,—1] such that

Z Sn,j ~ Z Sn,j- (2)

JESn JEHRP 1

That is, most inter-frame attention mass is concentrated on a small set of
historical tokens whose size does not grow with the total video length. This is
the basis for limiting cross-frame attention to a fixed-capacity temporal memory.
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Second, we assume that these sink sets evolve slowly over time, in the sense
that the next useful sink set can be well approximated from the previous one
together with the current frame:

Spi1 ~ TopK (S, U {tokens in frame n + 1}). (3)

This assumption justifies an incremental update rule that evicts low-importance
entries and admits newly salient tokens from the current frame, rather than
re-optimizing over the entire video prefix at every step.

Finally, because StateKV retains all video tokens for text decoding, the
compressed state only needs to approximate frame-to-frame interactions during
video encoding; it does not need to be the final conditioning memory for language
generation. We therefore select temporal sinks using video-only attention scores
and make no assumptions about how text queries might alter sink identities.

We formalize the concentration and slow-evolution assumptions into testable
mechanisms, and probe these claims empirically in the Supplementary Material.
That analysis, together with the main results in Section 4, provides evidence that
the resulting importance-based approximation works well across tested parameter
scales, cache sizes, and model families.

3.2 Method Overview

Preliminaries. Let A € REXE denote the attention matrix for a given layer and
head, where A; ; is the normalized attention from query token ¢ to key token

j, and let V € RE*? be the corresponding value vectors. The full self-attention
output for token i is

L

full

Yi :E Ai 3 Vj.
i—1

Video tokens are grouped into frames; for N video frames with T tokens per
frame we have L = T'N video tokens.

Streaming cache construction with two memory states. Let a video consist of
N frames, each yielding T" visual tokens. We build the video representation in
a streaming fashion, processing frames in order and constructing a key-value
(KV) cache incrementally. The method maintains two per-layer KV states: (i)
a detailed state (dstate) that stores all per-frame video tokens and is used for
final text decoding; and (ii) a small compressed state (cstate) of fixed capacity
that is used only as cross-frame context during cache construction.
Concretely, for each transformer layer ¢ € {1,..., Liayers} We maintain

Dl = {(Kt, Vi) Ch={(KL VY, KL= Vil =B. (4)

where D! contains all visual tokens accumulated up to frame n (and thus grows
as O(nT)), while C% is a compressed memory with a fixed budget B (e.g., 1024
tokens). Importantly, C’fb is the only information from frames < n that frame
n can attend to during cache building. The detailed cache D! is updated by
appending the current frame tokens after each step, and is never queried by future
frames during cache building. By contrast, the compressed state is refreshed after
every frame, so it evolves over time even though its capacity remains fixed.
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Key insight: dynamic compressed state. Our method relies on the assumption
that the tokens useful for processing frame n are either (i) tokens that were
already useful for frame n— 1 (and therefore retained in C%_,), or (ii) tokens
from the current frame n. This makes the compressed state dynamic rather than
fixed across the whole video: we are not attempting to summarize the entire past
into a single static memory. Instead, we maintain a small working set that is
refreshed every frame so that frame n has access to the information it needs.

3.3 Per-frame cache-builder forward pass

Let X,, € RT*4 denote the hidden states of the visual tokens for frame n at the
input of a given layer. The cache builder computes, at each layer ¢, queries for
the current frame and keys/values for both the current frame and the compressed
memory:

Qfl = XTLWC[Q> Kﬁ, = XTLWI!;7 V’r{ = XYLW\é7 R’ﬁ*l,‘zrffl € Cfbfl-

We then perform attention for frame n against the concatenation of the com-
pressed memory and the current frame tokens:

Qﬁ[Kﬁ—l;Kﬁ]T
Vdn

where dj, is the head dimension and M, is the appropriate causal and modality
mask (for cache building we only require causal structure within the stream order,
with all memory tokens preceding the current frame tokens).

This yields updated hidden states X* for the current frame, which are

n,out

Attn(Qfl, [Kﬁ_lg KﬁL [V,f_l; V,f]) = softmax( + Mn> - [V,f_l; V,f] (5)

passed to the next layer. After the final layer, we append the per-layer (K, V)
to the detailed state:

Dy 4= Dy U{(Eq, V).
Thus, the memory complexity of the detailed cache grows linearly as the model
processes more frames, but we avoid the quadratic compute of cross-frame
attention by restricting cross-frame interaction to the fixed-size compressed state.

Updating the compressed state via attention-driven selection Finally, after process-
ing frame n, we update the compressed state C¥ by selecting a fixed number of
tokens to carry forward. Let U denote the candidate pool for compression at layer
£. In StateKV we use an incremental pool consistent with the “slowly-evolving
sinks” assumption:

uﬁ = S’fl—l U {17 ceey T}(frame n tokens)»

where S’ _; indexes the tokens currently stored in C_,. We assign each candidate

token j € U’ an importance score based on video-only attention. Let A’ denote
the attention weights produced when processing frame n at layer ¢ (aggregated
over heads and queries within the frame). One simple instantiation is

T

st = ! E Al

n,j — T n,%,5
i=1
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where AL ;. ; 1s the normalized attention from query token ¢ in frame n to candidate
key token j (which may refer either to a memory token or a token in frame n).

We then keep the top-B candidates:
S‘fl = TopK({sfw- 1j € L{ﬁ}, B),

14 0 YL £ £ . al (6)
Ch {(Knvvn)} = {(KJ’VJ) 1Je Sn}

This procedure realizes a fixed-capacity temporal cache that is refreshed each
frame by evicting low-importance memory entries and admitting newly salient
tokens from the current frame. In all experiments we compute scores from video-
only attention statistics, per the final assumption.

Virtual sequence length and cache positions. Because C% is capacity-limited, the
number of keys stored in the compressed state differs from the number of tokens
seen so far in the stream. However, positional encodings (RoPE [56]) depend on
the logical position in the stream, not on the current cache size. We therefore
maintain a virtual sequence length L, that counts all tokens processed up to
time n independent of the number of tokens retained in C. When constructing
attention for frame n, RoPE positions and cache positions are derived from L,
rather than from the physical cache length of CZ.

Consistent RoPFE scaling across cache building and generation. When the total
sequence length exceeds the base model’s trained maximum context, RoPE scaling
must be applied consistently to all keys/values that will be reused during genera-
tion. In particular, the video KV cache must be compatible with subsequently
generated tokens. To ensure this, we: (i) determine the maximum expected
sequence length for the entire run (video frames plus prompt plus maximum
generation length) prior to cache building; (ii) activate the corresponding RoPE
scaling configuration before the first frame is processed; and (iii) keep the same
scaling active for the full duration of cache building and text decoding.

Formally, let ¢(-; @) denote the RoPE embedding function with scaling pa-
rameters «a (e.g., YARN [46]). We apply

Q<+ ¢(Qs0), K< ¢(K;a)

with the same « for both cache building and generation. Changing o after
building the KV cache would make the cached K/V incompatible with newly
rotated queries/keys and leads to severe degradation; thus « is fixed end-to-end
for each evaluation run.

Decoding using the detailed cache. After the streaming cache builder finishes
processing all frames, we run standard autoregressive decoding for the text
output. Crucially, decoding uses the detailed state D% (all video tokens) as the
conditioning KV cache. The compressed state C]{, is not used during decoding; it
exists solely to approximate cross-frame interactions during cache construction.
This design matches the assumption that the temporal cache only needs to be an
approximation for video encoding, since the final generation stage conditions on
the full set of stored video tokens.
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4 Results

Ezperimental Setup. Our setup isolates the effect of the self-attention approx-
imation while keeping the rest of the inference stack fixed. All experiments
use Hugging Face [68] model implementations and default prompts from the
lmms-eval suite [81]. We evaluate on VideoMME [23] (subtitles-free setting),
MLVU [89], and OVOBench [43] (Real-Time Visual Perception subset). Following
common long-video evaluation protocol [11], we sample video at 1 FPS and cap
each example at 512 frames. We first refactor execution into two stages: video
prefill and language generation. We then implement a streaming version of the
full self-attention baseline so it can process very long sequences. This conver-
sion is mathematically exact and, with linear memory attention kernels (e.g.,
SDPA /FlashAttention [18]) keeps peak memory usage manageable, although per
frame compute still grows linearly with processed context so late frames become
very slow. From that baseline, we modify only the attention operation to obtain
ReKV and StateKV, so differences in performance can be attributed only to
the approximation itself. RoPE scaling, data loading, prompts, and generation
hyperparameters are matched across methods. Unless stated otherwise, we report
efficiency primarily in terms of measured FLOPs (profiled using PyTorch [45]
profiler and verified against theoretical calculations) and asymptotic scaling,
which are stable across hardware and kernel implementations. The Supplemen-
tary Material also includes a wall-time comparison showing that, even when Full
SA uses FlashAttention-2 [18] and StateKV uses an eager attention path during
cache building, the constant per-frame cost of StateKV still overtakes the linearly
increasing cost of full self-attention at sufficiently long sequence lengths. We
additionally provide a custom Triton [61] kernel that replaces eager attention with
a FlashAttention-2 [18] based implementation that returns the per-key scores
needed for token selection and moves the crossover to shorter sequences.

Pareto frontier at fized long-video length. Fig. 3 shows performance versus total
prefill compute for a 512-frame video, with multiple compression settings for both
StateKV and ReKV. Within each color, moving across triangles corresponds to
increasing the StateKV cache budget B, while moving across squares corresponds
to increasing the ReKV recency window R; this makes the within-model compute-
accuracy scaling explicit. As expected, stronger compression reduces FLOPs but
also weakens the approximation to full self-attention. Even under this tradeoff,
StateKV remains consistently closer to Full SA than ReKV at comparable
compute, and traces a stronger frontier across budgets. Notably, the StateKV
operating points follow a smooth log-linear relationship between compute and
accuracy, which enables predictable test-time scaling.

FLOPs reduction enables larger backbones. The practical implication of this
frontier is that compute savings can be reinvested in model scale. Although
any approximation introduces some loss relative to exact Full SA for the same
backbone, the loss for StateKV is small enough that moving to a larger model
typically more than compensates for it. As a result, running larger models with
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Fig. 3: Total compute to preprocess a 512-frame video (in GFLOPs) versus performance
on VideoMME across three model sizes of the same model family (InternVL3 1B, 2B,
8B). Marker shape denotes which self-attention approximation (or Full SA) is used,
while color denotes model size: circles are the 512-frame Full Self-Attention, triangles
are StateKV operating points at cache budgets B € {16, 64, 256,1024,4096, 16384},
and squares are ReKV operating points at retained-frame budgets R € {1,4,16,64}.
Constant-FLOPs-per-frame methods reduce FLOPs compared to full self-attention while
preserving accuracy. Of these, StateKV achieves accuracy competitive with full self-
attention and enables larger models under the same budget. For instance, StateKV-8B
with B = 4096 achieves 62.5% accuracy at similar compute cost as Full SA-1B (46.2%).
Compared to existing sliding-window based methods like ReKV, StateKV achieves
superior accuracy at comparable compression levels. The right and bottom supporting
bars use one representative operating point per method: StateKV with B = 4096 and
ReKV with a 16-frame window (plus Full SA). These are compute-matched, so the bars
isolate the quality difference at similar compute.

StateKV yields substantially higher VideoMME accuracy at compute budgets
comparable to or below smaller Full SA baselines. In Fig. 3, this appears as
overlaps between a larger model’s StateKV log-linear compute-accuracy curve,
and the operating points for the unmodified Full SA baseline. The marginal-cost
variant of Fig. 3, provided in the Supplementary Material, contains a double
overlap, indicating that StateKV allows practitioners to run a model two scales
larger at a similar per-frame-cost to the Full SA variant (InternVL3-8B with
StateKV for a similar per-frame cost as the InternVL3-1B baseline).

Cross-backbone ablation across families and scales. Table 1 compares full self-
attention, ReKV, and StateKV across three video benchmarks and multiple
backbones spanning different families and parameter scales. Averaged across
these settings, StateKV stays close to full self-attention (within roughly a point
on average) while consistently improving over ReKV by about 10 points on



12 C. Eyzaguirre et al.

Model Method VideoMME MLVU OVOBench (Real-Time)
Full SA 46.19% 47.05% 55.79%
InternVL3-1B ReKV (R=16) 37.11% 33.44% 37.75%
StateKV (B=4096) 45.8% 46.35% 55.44%
Full SA 55.81% 56.61% 60.22%
InternVL3-2B ReKV (R=16) 31.78% 5.49% 33.33%
StateKV (B=4096) 54.15% 57.31% 61.05%
Full SA 58.67% 58.83% 60.45%
QWen3-VL-2B  ReKV (R=16) 49.44% 45.6% 46.71%
StateKV (B=4096) 58% 57.72% 60.93%
Full SA 66.59% 68.98% 64.76%
QWen3-VL-4B ReKV (R=16) 52.63% 49.91% 49.22%
StateKV (B=4096) 65.89% 67.8% 64.87%
Full SA 64.19% 61.14% 71.45%
InternVL3-8B ReKV (R=16) 54.56% 31.11% 56.03%
StateKV (B=4096) 62.52% 62.85% 70.25%
Full SA 69.81% 73.85% 69.3%
Eagle2.5-8B ReKV (R=16) 58.7% 55.01% 55.44%
StateKV (B=4096) 67.96% 70.52% 68.7%
Full SA 70.52% 75.82% 67.86%
QWen3-VL-8B ReKV (R=16) 55.52% 50.91% 53.88%
StateKV (B=4096) 68.11% 71.38% 64.99%

Table 1: Cross-backbone comparison across three long-video benchmarks. For each
backbone, we compare exact full self-attention, the recency-based streaming baseline
ReKV with a 16-frame retrieval window, and StateKV with cache budget B = 4096;
these ReKV /StateKV settings are chosen to be compute-matched. Across model families
and scales, StateKV stays close to Full SA while consistently outperforming ReKV on
VideoMME, MLVU, and OVOBench, indicating that importance-based memory is a
stronger approximation to full long-range attention than a strict sliding-window prior.

average. We observe the same trend on MLVU and OVOBench (Real-Time
subset), indicating that the gain is not tied to a single backbone design or model
size. These cross-family results show that the same importance-based carried-
memory intervention transfers across backbones, parameter counts, and cache
budgets. For a fair efficiency comparison, ReKV runs retrieving 16 frames and
StateKV with cache budget B = 4096 are compute-matched.

Scaling behavior. Fig. 4 studies accuracy as we increase the StateK'V cache budget
B (or, for the baseline, the sliding-window retrieved frames). For all InternVL3
variants analyzed, StateKV improves monotonically across all video lengths
and approaches, or in some settings matches, the full self-attention reference
at the highest budgets (e.g., InternVL3-8B StateKV reaches 75.0% on short
videos, matching Full SA), demonstrating stable scaling with compute. Notably,
the bigger models exhibit stronger scaling with cache size, with performance
saturating at increasingly large budgets as model parameter counts increase. In
contrast, sliding-window attention scales more slowly and remains below full
attention at comparable budgets, with 5-10 point gaps across settings, suggesting
that expanding only a local window does not recover the global-context benefits
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Fig. 4: Comparison of VideoMME accuracy across context budgets for InternVL3-
1B/2B/8B. The dotted lines show Full SA (target behavior), while ReKV and StateKV
trace budgeted approximations. Across short, medium, and long videos, StateKV stays
consistently closer to the Full SA accuracy frontier than ReKV at comparable budgets,
indicating a stronger approximation of full attention under constrained compute.

captured by StateKV. StateKV achieves these gains while maintaining linear-in-
frames video prefill computational cost, whereas Full SA remains costly on long
videos.

Sliding-window instability across settings. Across our experiments, ReKV ex-
hibits unstable behavior in multiple settings: InternVL3-2B shows systematic
degradation across operating points in both Fig. 3 and Fig. 4, occasionally un-
derperforming even the 1B variant; InternVL3-8B shows similar instabilities
on MLVU (Table 1); and performance gaps relative to full attention remain
substantial even at the highest sliding-window budgets tested. These observa-
tions suggest that strict recency-based approximations can be a poor match
to the attention patterns learned by certain backbones. We verified that this
degradation is reproducible under the same shared implementation used across
model scales and datasets. The Supplementary Material discusses how StateKV’s
importance-based selection better approximates full self-attention patterns across
these varied settings.

Compute break-even behavior. Fig. 5 highlights intersection points between dotted
(Full SA) and solid (StateKV) curves, which mark compute break-even regimes
across model sizes. In the left plot (marginal FLOPs per frame), each intersection
gives the frame index beyond which adding one more frame is cheaper with a
larger StateKV model than with a smaller Full SA baseline. In the right plot
(cumulative FLOPs), intersections indicate the video length beyond which total
compute is lower for the larger StateKV model over the full processed video.
This distinction matters operationally: marginal cost is the relevant quantity
for streaming-oriented settings, while cumulative cost is the relevant quantity
for long-video processing. The key implication is that, because unmodified Full
SA has quadratic video-prefill cost while StateKV is linear in the number of
frames, a break-even intersection must exist at sufficiently long durations for each
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Fig.5: Compute cost versus frame index. Left: marginal FLOPs per frame. Right:
cumulative FLOPs. Dotted curves denote full self-attention and solid curves denote
StateKV.

compared pair. In other words, beyond a model- and setup-dependent horizon,
it is compute-favorable to run a larger StateKV model rather than a smaller
quadratic baseline. We further illustrate how this gap would widen at longer
horizons by extrapolating compute curves to 3600 frames (1 FPS over 1 hour) in
the Supplementary Material.

5 Conclusion

We presented StateKV, a linear-time approximation to long-video self-attention
for video VLMs. Building on recent streaming-prefill methods such as ReKV, our
method separates video prefill into a streaming cache-construction stage and final
text-decoding over the retained detailed video state. The key improvement is to
frame streaming video prefill as approximating full self-attention using a small set
of tokens carried between frames, rather than imposing a strict sliding-window
prior. This design is motivated by mechanistic evidence on tested cases suggesting
that useful inter-frame attention is often concentrated on a relatively small set
of tokens and that this set evolves gradually enough to be updated from the
previous state together with the current frame. Across multiple backbones, model
scales, and long-video benchmarks, StateKV stays closer to full self-attention
than sliding-window style baselines while reducing asymptotic video-prefill cost
from quadratic to linear in the number of processed frames.

The main consequence in our measured FLOPs-based analysis is a better
compute-accuracy tradeoff. Because StateKV preserves accuracy more effectively
under compression, its FLOPs savings can be reinvested into larger backbones,
yielding operating points where a larger StateKV model is both cheaper than
and more accurate than a smaller full-attention baseline. Across model families,
parameter scales, and cache sizes, we observe the same qualitative trend: carrying a
small, importance-based set of tokens between frames is a stronger approximation
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than a strict recency bias. Our supplementary analyses further indicate that the
analyzed attention patterns are not well described by a pure sliding-window view
of the past, which helps explain why strict sliding-window approximations can
be weak in our setting.

This work also has limitations. The mechanistic validation of the assumptions
can only be performed on existing models and tested inputs, so it is neither
general nor fundamental: although the assumptions are reasonable and supported
on the models we analyze, untested backbones or future models may not exhibit
the same behavior. Natural next steps include broader analysis across more
backbones and video regimes.
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