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Abstract. Autoregressive (AR) streaming models have emerged as a
powerful paradigm for long video generation. However, the linearly grow-
ing Key-Value (KV) cache poses a significant bottleneck, leading to mem-
ory overload and degraded inference throughput. A common compression
method is to drop redundant KV tokens, which often breaks long-range
dependencies, resulting in temporal flickering and identity loss. In this
paper, we propose Instance-Specific Parametric Absorption (ISPA), a
novel framework that shifts the KV cache compression from discarding
to distilling. The core idea is to transit a subset of layers from Full-
Attention (F-Layers) to memory-efficient Local-Attention (L-Layers) by
"absorbing" historical context into the model’s weights. Specifically, dur-
ing a brief warmup phase, ISPA monitors the output discrepancy between
global and local attention. At the transition point, we solve a closed-form
least-squares problem to compute an instance-specific weight modulation
that compensates for the missing history. Experiments across architec-
tures (1.3B to 14B) demonstrate that ISPA can remove up to 50% of
the KV cache with near-lossless visual quality. We hope this perspec-
tive encourages future work to explore parametric memory consolidation
beyond external token-level cache management for streaming generative
models.
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1 Introduction

Diffusion models have become a central paradigm in visual generation, powering
diverse tasks [8, 17]. Among these tasks, video generation [2, 27, 31, 38, 39, 45] is
particularly challenging, as it requires both high visual fidelity and long-range
temporal coherence. Recent works extend diffusion [11, 32] and flow-matching
models [7,21,24,26,30] from image-level generation to video synthesis, typically
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by generating a fixed-length clip holistically [2,27,31,38,39,45]. While effective
for short videos, this paradigm requires full spatiotemporal attention across all
frames, whose quadratic memory and computation costs make long or infinite
video generation prohibitively expensive.

To address this limitation, the Autoregressive (AR) streaming paradigm [3,
13–15, 25, 29, 29, 37, 44, 50] has become a popular solution. By breaking a video
into sequential segments, AR models generate frames one by one, using a Key-
Value (KV) cache to store historical context. This method theoretically allows for
videos of any length and supports real-time generation. However, the streaming
process has a major drawback: to keep the video consistent over time, the KV
cache must store continually accumulated history. As generation continues, this
memory bank fills the GPU memory and significantly slows down the inference
speed, losing the "real-time" advantage of the system.

A common way to reduce this memory pressure is to drop redundant tokens
from the KV cache. While token dropping has been effective for Large Language
Models (LLMs), directly applying this idea to dynamic video signals is often
unstable. The key issue is that, in long video generation, the KV cache is not
merely a storage buffer, but an external token memory that carries the model’s
accumulated visual history. Existing pruning or eviction strategies manage this
memory outside the model by deciding which tokens to keep or discard. Once
important historical tokens are removed, long-range dependencies can be bro-
ken, causing the model to forget the past and leading to background flickering,
structural distortion, and identity loss.

These challenges lead us to rethink how context should be compressed in a
streaming setting. Instead of treating the KV cache as an ever-growing exter-
nal memory to be repeatedly edited, we ask whether part of this memory can
be consolidated into the model itself. The streaming nature of AR generation
provides exactly such an opportunity: as a video unfolds, its instance-specific
temporal patterns become observable. In some layers, the accumulated history
then behaves as a stable contextual bias for future attention outputs, rather than
as fully dynamic token-level information. Such history does not necessarily need
to remain as explicit KV tokens; it can instead be analytically absorbed into the
model’s linear weights through instance-specific test-time adaptation.

Based on this insight, we propose Instance-Specific Parametric Absorption
(ISPA), a novel framework that reframes KV cache compression as paramet-
ric memory consolidation. ISPA transitions selected layers from Full-Attention
Layers (F-Layers) to memory-efficient Local-Attention Layers (L-Layers) dur-
ing inference. In a standard F-Layer, the model must query the growing KV
cache to maintain temporal consistency. In contrast, an L-Layer attends only
to local frames, which is efficient but risks losing historical context. Instead of
simply dropping the missing history, ISPA performs Layer Absorption: it treats
the difference between full and local attention as a reconstruction problem and
solves for an instance-specific weight modulation in closed form. The resulting
L-Layers can emulate the effect of long-range history using only local informa-
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tion, effectively internalizing part of the external KV memory into the model
parameters.

A major technical challenge is performing this adaptation without interrupt-
ing the real-time generation process. To eliminate the computational overhead
of monitoring the necessary attention signals (both local and full attention), we
design a Decomposable Attention mechanism. By leveraging the Log-Sum-Exp
(LSE) states already tracked by hardware-aware kernels (e.g., FlashAttention),
we can collect both local and global attention during the standard forward pass.
This enables ISPA to compute the weight updates without gradient-based opti-
mization, thereby preserving the original inference latency of the base model.

We evaluate ISPA across several state-of-the-art architectures [15, 25, 29, 29]
ranging from 1.3B to 14B parameters and various tasks (text-to-vieo and speech-
to-video). ISPA successfully removes up to 50% of the KV cache with near-
lossless (<1%) visual quality. Moreover, we demonstrate that ISPA is intrinsically
compatible with post-training quantization. By combining parametric absorption
with W8A8 quantization, we achieve an aggregate 1.86� inference speedup. Our
contributions are three-fold:
� We introduce ISPA, a novel streaming framework that shifts the KV cache

reduction from "pruning" to "absorption". Instead of discarding historical
context, ISPA distills instance-specific context into the model’s weights to
maintain global coherence while operating with a minimal local cache.
� We propose a non-iterative, closed-form optimization for weight modulation.

By leveraging a Decomposable Attention mechanism grounded in Online Soft-
max, our method collects necessary signals and updates parameters during the
standard forward pass with negligible overhead.
� We conduct extensive experiments on ISPA across various AR models (from

1.3B to 14B, from text-to-video to speech-to-video). Our results demonstrate
that ISPA can remove up to 50% of the KV cache with near-lossless visual
quality and an aggregate 1.86� speedup when combined with quantization.

2 Preliminaries

Video Diffusion Models. Most modern video generators [2, 39] are built by
extending diffusion or flow models from the image domain to the video domain.
A video clip is typically represented as a 4D tensor X 2 RF×C×H×W , where F
is the number of frames. Generation originates from Gaussian noise, gradually
transforming into a clean video through an iterative denoising process. In Recti-
fied Flow, the model predicts a velocity at each step that transports the current
sample towards the target data distribution.

A central challenge in video generation is maintaining temporal coherence:
frames must remain consistent over time. The standard solution is to process
all frames jointly utilizing spatiotemporal self-attention, allowing tokens from
any frame to attend to tokens from any other frame. While highly effective, this
operation is notoriously expensive; attention across F frames typically scales
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as O(F 2) in both time and memory footprint, rendering long-video generation
computationally prohibitive.
Autoregressive Video Generation. To scale to longer sequence lengths, an
autoregressive (AR) strategy [14,44,50] generates the video in smaller, consecu-
tive chunks. Let a long video X be partitioned into N chunks:

X = fx(1);x(2); : : : ;x(N)g (1)

where each chunk contains L frames. The AR factorization is defined as:

p(X) = p(x(1:N)) =

N∏
n=1

p(x(n) j x(<n)) (2)

Each chunk x(n) is generated conditioned on the previously generated history
x(<n). By maintaining a sliding window of past context, AR models can theoret-
ically extrapolate to videos of arbitrary length, effectively shifting the bottleneck
from hardware memory limits to sequential inference latency.
Conditioning on the Past via KV Injection. A defining design choice in
AR video diffusion is how the current chunk’s denoiser leverages historical in-
formation. A prevalent approach is conditioning via cross-chunk self-attention:
at denoising step t for chunk n, the model derives queries, keys, and values from
the current noisy chunk x

(n)
t . To incorporate the past, the keys and values from

previously generated frames are concatenated to the current chunk’s respective
tensors:

Q = Qcur; K = [Kpast; Kcur]; V = [Vpast; Vcur] (3)

Here, (Qcur;Kcur;Vcur) originate from the current chunk x
(n)
t , while (Kpast;Vpast)

are derived from the generated history x(<n). Specifically, (Kpast;Vpast) are typ-
ically truncated to include only the KV pairs from the most recent frames to
ensure memory efficiency. Intuitively, the current chunk "queries" a persistent
memory bank of past frames. This KV-based injection is critical for both visual
quality and generation efficiency, as it determines how temporal dependencies
propagate through the autoregressive diffusion process.

3 Method

To achieve exhaustive instance-level KV cache compression without compromis-
ing real-time throughput, we propose Instance-Specific Parametric Absorption
(ISPA), a streaming compression framework. Our goal is to mine the inherent
temporal redundancy within each video generation instance and compress it,
while maintaining strictly negligible compute overhead to preserve the realtime
property of autoregressive inference.

3.1 Overall Framework

To circumvent the memory explosion of the KV cache, ISPA shifts from conven-
tional token pruning which irreversibly discards historical data to "Absorption"
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Fig. 1: The overall framework of ISPA. ISPA consists of three phases: (1) Dual-
Stream Warmup: During the �rst T warm frames, F-Layers collect full attention out-
puts A full and local outputs A loc . (2) Layer Absorb: At frame T warm , we select K
layers and convert them to L-Layer (Local Layer). (3) Memory-E�cient Inference:
The selected layers permanently evict historical KV caches and utilize W + �W to
compensate for the lost context, while the remaining N � K layers stay as F-Layers.

paradigm. This paradigm distills historical context into the model's weights via
Instance-Speci�c test-time adaptation, over�tting parameters to the unique tem-
poral dynamics of the speci�c video sequence currently being generated. As il-
lustrated in Figure 1, ISPA operates through a streamlined, three-stage pipeline:

1. Dual-Stream Warmup: During the generation of the initial T warm frames,
the model operates in a dual-stream con�guration using F-Layers (Full-
Layers). We simultaneously collect the "Full" attention activation A full (uti-
lizing the whole historical context) and the "Local" activation A loc (utilizing
only current and sink tokens) via an optimized kernel-level decomposition.

2. Layer Absorb: At the dividing frame T warm , the accumulated dual-stream
activations serve as the basis for weight adaption. We formulate the absorp-
tion as a reconstruction problem, computing the optimal weight modulation
�W for the output projection to bridge the gap between local and full atten-
tion. Rather than treating all layers equally, we employ a dynamic ranking
mechanism to identify K "absorbable" layers that most accurately reconstruct
global dependencies through weight modulation.

3. Memory-E�cient Inference: For all subsequent frames t > T warm , the
designated K layers transition into L-Layers (Local-Layers). These layers
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completely discard their historical KV cache (Khist ; Vhist ), retaining only the
local context. The absence of this history is e�ectively compensated for by
the newly updated weights Wnew = W + �W. The remaining N � K layers
continue as F-Layers to maintain global coherence.

Although we present this warmup-to-absorption transition as a one-shot
pipeline for clarity, the same procedure can be re-triggered when the video en-
ters a new temporal regime, allowing ISPA to recalibrate the absorbed layers
and their weight modulation for the new context.

3.2 Layer Absorb via Full Attention Reconstruction

The computational core of ISPA lies in absorbing the historical context of a
layer into its weights. We formulate this as a uni�ed least-squares optimization
problem, solved at the end of the warmup phase.

As shown in the "F-Layer" block of Figure 1, for each di�usion transformer
layer l 2 f1; 2; :::; Ng, we monitor the internal activations across Twarm frames.
Let A 1:T warm

loc;l 2 RTwarm �D denote the attention output immediately preced-
ing the �nal linear projection layer W, computed utilizing only the local con-
text (current frame and sink frames). Let A 1:T warm

full;l 2 RTwarm �D represent
the ground-truth "full" output of that same attention block. For notational
brevity, we omit the layer index and the temporal superscripts in the
following derivation. Our objective is to discover a weight modulation matrix
�W such that the local-stream output after projection matches the full-stream
output. Speci�cally, we target the linear projection layer for adaption as it is
the immediate downstream component of the attention block. By compensat-
ing for the context loss at this point of origin, we minimize the propagation of
reconstruction errors to subsequent layers. The optimization is formulated as:

min
�W

jjA loc (W + �W) � A full Wjj2
2 + �jj�W jj 2

2 (4)

By de�ning the target residual signal as R = (A full �A loc )W , the optimal �W
that absorbs the truncated history can be derived via the closed-form regression
solution:

�W = ((A loc )> A loc + �I) �1 (A loc )> R (5)

The reconstruction error (feasibility score) for each layer is then de�ned as the
Frobenius norm of the residual:

� = jjA loc (W + �W) � A full Wjj2
F (6)

A major advantage of this formulation is its strictly non-iterative nature. Un-
like traditional knowledge distillation that necessitates backpropagating gradi-
ents through massive computational graphs, ISPA only requires summing the
outer products of activations (A >

loc A loc and A >
loc R) during the standard for-

ward pass. This reduces optimization to a single D�D matrix inversion precisely
at frame Twarm . Consequently, the adaptation signal is harvested and applied
without ever initializing a gradient-based optimizer, rigorously preserving the
real-time inference pipeline.
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3.3 Dynamic Layer Selection

Having computed the candidate update �W and error metric � for all layers at
the end of Twarm , we dynamically route which layers will transition to a KV
cache-free regime.

Rather than enforcing a �xed subset of layers across all prompts, ISPA ex-
ecutes Instance-Speci�c Selection. Given a hardware budget of K layers desig-
nated for KV cache eviction, we rank layers in ascending order based on �. The
K layers exhibiting the lowest � are designated as L-Layers. For these layers, we
inject the update Wnew = W +�W and permanently evict their historical KV
cache Khist . The remaining N � K layers, which evidently handle complex tem-
poral dependencies that resist linear parametric absorption, remain as F-Layers
to guarantee generation quality.

This dynamic routing is essential because diverse video sequences exhibit
signi�cantly di�erent temporal dynamics and these dynamics heterogeneously
distribute across the model's hierarchy. By delaying the architectural decision
until T warm , ISPA autonomously tailors the model's topology to the speci�c in-
stance, a phenomenon we term test-time structural elasticity. Once the topology
is locked, the model's parameters are updated in-place. For all subsequent frames
t > T warm , L-Layers execute using only localized KV pairs, yet their modi�ed
Wnew simulates the continuous presence of the evicted history.

Importantly, this calibration is not permanently tied to the initial scene. The
one-shot schedule described above is the default setting used in our experiments,
but the same procedure can be re-triggered when the video undergoes a large
scene transition or temporal distribution shift. In such cases, ISPA brie�y re-
enters the dual-stream warmup stage, recomputes the layer-wise reconstruction
errors, and refreshes both the absorbed layer set and the corresponding �W
for the new context. Since this adaptation is closed-form and lightweight, event-
triggered recalibration preserves the streaming nature of inference while avoiding
stale weight modulation under changing scenes.

3.4 Real-time E�ciency Optimization via Decomposable Attention

A potential bottleneck of ISPA is the necessity to simultaneously collect two
distinct attention signals (the localized attention A loc for �W computation and
the full attention A full for standard inference) during the warmup phase. A
naive implementation would dual-process the attention mechanism, degrading
real-time performance. To eliminate this overhead, we introduce a Decomposable
Attention mechanism grounded in the Online Softmax theorem.

For a video sequence at step t 2 [1; Twarm ], we de�ne the Local Context as
the union of the initial frame (serving as the "sink frame", K sink = K 1) and the
current frame's KV (K loc = K t ). Formally, the key and value sets are partitioned
as follows:

K loc = fK 1; K t g; Vloc = fV 1; Vt g (7)

Khist = fK 2; : : : ; K t�1 g; Vhist = fV 2; : : : ; Vt�1 g (8)
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The exhaustive KV cache is the disjoint union: Kfull = K loc_total [ K hist .
By exploiting the Log-Sum-Exp (LSE) state inherently tracked by modern

hardware-aware kernels [5, 6, 52, 53] (e.g., FlashAttention), we decouple the at-
tention into two independent branches and fuse them post-hoc. For each layer l,
we compute the local and historical outputs along with their corresponding LSE
values:

(O loc ; LSE loc ) = FlashAttn(Q t ; K loc ; Vloc ) (9)

(O hist ; LSE hist ) = FlashAttn(Q t ; Khist ; Vhist ) (10)

O loc is mathematically identical to A loc . To perfectly reconstruct the Full output
A full without recomputing attention, we apply a weighted fusion driven by the
LSE values:

LSE full = log (exp(LSE loc ) + exp(LSE hist )) (11)

A full = exp(LSE loc � LSE full ) � O loc + exp(LSE hist � LSE full ) � O hist (12)

This dual-path decomposition ensures that the warmup phase is nearly "free"
in terms of FLOPs. The total dot-product operations remain almost identical
to a standard attention pass as the query vector is simply partitioned across
the same total number of KV pairs. Since the fusion involves only scalar opera-
tions in SRAM, we avoid materializing massive intermediate attention matrices,
preserving the memory e�ciency of FlashAttention. The �nal fusion accounts
for less than 1% of execution time, ensuring a smooth transition from full-cache
inference to parametric-absorbed inference.

4 Experiments

4.1 Experimental Settings

Models and Benchmarks. To evaluate the generalizability and robustness of
our proposed ISPA, we conduct extensive experiments across four representative
autoregressive video generation models: LongLive [44], Reward-Forcing [25]
(denoted as Reward), Krea-Realtime [29] (denoted as Krea), and LiveA-
vatar [15]. These models cover a diverse range of model size (from 1.3B to
14B) and generation task (including text-to-video and speech-to-video). The
selection of these heterogeneous architectures, spanning from general-purpose
synthesis to specialized human-centric generation, allows us to validate ISPA's
performance across varying modeling paradigms. For long video evaluation, we
primarily employ the VBench-Long benchmark [16,55]. In addition to the stan-
dard prompts provided by VBench, we incorporate complex full-length prompts
from MovieGen [31] to further challenge the models' capability in maintain-
ing long-range temporal consistency and semantic alignment. This combination
ensures a comprehensive assessment that covers both basic motion quality and
high-level narrative coherence. All ablation studies and analytical experiments
are conducted based on the LongLive model as default backbone.
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Table 1: Quantitative evaluation on the VBench 5s benchmarks (prompts from
MovieGen). Aes.: aesthetic quality; Back.: background consistency; Dyn.: dynamic
degree; Image.: imaging quality; Mot.: motion smoothness; Sub.: subject consis-
tency; Temp.: temporal �ickering. ISPA-x indicates that a fraction x of F-Layers are
replaced by L-Layers (i.e., K = xN).

Model Method KVCache
VBench Metrics

Aes." Back." Dyn." Image." Mot." Sub." Temp."

LongLive
(1.3B)

Vanilla 100% 64.43 95.76 40.77 70.74 98.92 95.55 97.87

ISPA-0.3 72.5% 64.48(+0:05) 95.80(+0:04) 40.60(-0:17) 70.64(-0:10) 98.91(-0:01) 95.53(-0:02) 97.87(+0:00)

ISPA-0.4 63.3% 64.47(+0:04) 95.80(+0:04) 40.60(-0:17) 70.64(-0:10) 98.91(-0:01) 95.53(-0:02) 97.87(+0:00)

ISPA-0.5 54.2% 64.48(+0:05) 95.78(+0:02) 40.60(-0:17) 70.70(-0:04) 98.92(+0:00) 95.59(+0:04) 97.86(-0:01)

Reward
(1.3B)

Vanilla 100% 62.82 94.73 68.96 68.65 98.08 93.76 96.34

ISPA-0.3 73.3% 62.83(+0:01) 94.74(+0:01) 69.50(+0:54) 68.65(+0:00) 98.08(+0:00) 93.76(+0:00) 96.34(+0:00)

ISPA-0.4 64.4% 62.82(+0:00) 94.74(+0:01) 69.17(+0:21) 68.65(+0:00) 98.08(+0:00) 93.76(+0:00) 96.34(+0:00)

ISPA-0.5 55.6% 62.85(+0:03) 94.73(+0:00) 69.60(+0:64) 68.65(+0:00) 98.08(+0:00) 93.76(+0:00) 96.34(+0:00)

Krea
(14B)

Vanilla 100% 64.50 95.40 77.12 70.86 98.62 94.90 96.46

ISPA-0.3 75.0% 64.51(+0:01) 95.16(-0:24) 76.65(-0:47) 71.03(+0:17) 98.71(+0:09) 94.66(-0:24) 96.91(+0:45)

ISPA-0.4 66.7% 64.66(+0:16) 94.68(-0:72) 76.15(-0:97) 70.70(-0:16) 98.80(+0:18) 94.02(-0:88) 97.14(+0:68)

ISPA-0.5 58.3% 64.93(+0:43) 94.06(-1:34) 76.23(-0:89) 71.01(+0:15) 98.72(+0:10) 92.32(-2:58) 97.04(+0:58)

Table 2: Quantitative evaluation on the VBench 30s benchmarks (prompts from
MovieGen). Notations and metric de�nitions follow Tab 1.

Model Method KVCache
VBench Metrics

Aes." Back." Dyn." Image." Mot." Sub." Temp."

LongLive
(1.3B)

Vanilla 100% 63.59 96.65 41.93 70.15 98.91 96.10 97.92

ISPA-0.3 72.5% 63.32(-0:27) 96.48(-0:17) 41.38(-0:55) 69.38(-0:77) 98.90(-0:01) 95.77(-0:33) 97.95(+0:03)

ISPA-0.4 63.3% 63.05(-0:54) 96.29(-0:36) 42.37(+0:44) 69.05(-1:10) 98.88(-0:03) 95.52(-0:58) 97.90(-0:02)

ISPA-0.5 54.2% 62.98(-0:61) 96.28(-0:37) 41.38(-0:55) 69.05(-1:10) 98.88(-0:03) 95.61(-0:49) 97.89(-0:03)

Reward
(1.3B)

Vanilla 100% 60.82 94.97 66.92 66.79 98.05 93.43 96.49

ISPA-0.3 73.3% 60.82(+0:00) 94.98(+0:01) 67.24(+0:32) 66.79(+0:00) 98.05(+0:00) 93.43(+0:00) 96.49(+0:00)

ISPA-0.4 64.4% 60.72(-0:10) 95.01(+0:04) 65.45(-1:47) 66.68(-0:11) 98.09(+0:04) 93.51(+0:08) 96.58(+0:09)

ISPA-0.5 55.6% 60.45(-0:37) 94.95(-0:02) 65.09(-1:83) 66.55(-0:24) 98.10(+0:05) 93.36(-0:07) 96.64(+0:15)

Krea
(14B)

Vanilla 100% 62.15 94.64 75.13 71.20 98.84 94.85 96.85

ISPA-0.3 75.0% 62.54(+0:39) 95.32(+0:68) 74.47(-0:66) 70.46(-0:74) 98.66(-0:18) 94.91(+0:06) 96.91(+0:06)

ISPA-0.4 66.7% 63.29(+1:14) 95.17(+0:53) 74.80(-0:33) 70.27(-0:93) 98.81(-0:03) 94.76(-0:09) 97.26(+0:41)

ISPA-0.5 58.3% 63.93(+1:78) 94.63(-0:01) 75.27(+0:14) 70.12(-1:08) 98.73(-0:11) 93.81(-1:04) 97.12(+0:27)

Implementation Details. During the �rst 12 latent frames (T warm = 12), the
model generates video using standard KV-Cache while simultaneously collecting
A loc and A full . At the switching point T warm , we apply a closed-form up-
date to the model parameters to absorb the historical context, after which the
explicit KV-Cache is pruned. For the closed-form adaptation (Eq. 5), we employ
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a regularization parameter � = 0:001 by default to balance the preservation of
pre-trained knowledge and the integration of new temporal context.

4.2 Main Results

Quantitative Results. Tab 1 and 2 evaluates ISPA's ability to internalize
historical context without su�ering from "temporal amnesia". On standard 5s
videos (1.3B models), ISPA achieves near lossless compression: evicting almost
50% KV caches causes negligible deviations. Crucially, when scaling to 30s long-
form generation, ISPA not only maintains minor degradation on 1.3B models
but actively improves Aesthetic Score and Temporal Consistency on the 14B
Krea-Realtime model. We attribute this long-video improvement to our analytic
absorption (Wnew = W +�W). Explicit attention over massive historical tokens
often introduces high-frequency noise, corrupting di�usion trajectories. By forc-
ing half of the layers to summarize context into static weights, ISPA explicitly
�lters this noise. While slightly blurring local token matching (minor Subject
drop), it powerfully reinforces global semantic and temporal stability, acting as
a macroscopic regularizer rather than just an e�ciency optimization.
Qualitative Results. Fig. 2 visually validates ISPA's robustness in 30-second
long-form generation. Across 1.3B to 14B models, ISPA aligns closely with full-
cache baselines. Notably, at the 30-second mark (rightmost frames), ISPA con-
sistently preserves intricate details. This con�rms that our analytic absorption
successfully distills historical context into projection weights, achieving substan-
tial memory compression without visual degradation. Furthermore, the quantita-
tive comparisons on the right panel highlight ISPA's superior memory e�ciency.
Across various architectures, ISPA consistently reduces GPU memory. Speci�-
cally, in the most Krea model (14B), ISPA achieves a remarkable reduction of
23.7GB in peak memory. This signi�cant margin demonstrates that ISPA not
only maintains high �delity synthesis but also makes long-video generation fea-
sible on consumer-grade hardware by e�ectively capping memory growth.

4.3 Ablation Study

The impact of Layer Absorb and Sink Frame. To analyze the mechanism
of ISPA, we conduct an ablation study across two key dimensions: weight adapta-
tion and attention anchoring (Fig. 3). In the "No Absorb" setting (middle row),
we evaluate the performance of simple local attention without our analytic �W .
This leads to a catastrophic "Subject Mismatch," where the creature's morphol-
ogy drifts signi�cantly as the generation progresses. This highlights that our
instance-speci�c adaptation is not merely an auxiliary update, but a necessary
operation to reconstruct the missing global receptive �eld. We also evaluate the
performance with parametric adaptation while removing the sink frame ("No
Sink", bottom row), which causes the model to generate "Over-Smoothed" re-
sults. We attribute this to the fact that the sink frame provides a stable basis
for softmax normalization; its absence forces the attention mechanism to redis-
tribute scores across less relevant local tokens, resulting in blurry, low-�delity
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Fig. 2: Left: Qualitative comparison of 30-second long-form video generation. Right:
GPU memory usage comparison.

outputs. The combination between parametric absorption (for identity) and sink
tokens (for stability) allows ISPA to match the quality of full-cache inference
while maintaining a constant memory footprint.
The impact of the number of L-Layers K. Figure 4 evaluates the robustness
of ISPA across varying compression ratios (de�ned by the number of L-Layers
K). For K � 0:5N, ISPA maintains a performance nearly identical to the uncom-
pressed baseline. Notably, in late-stage generation (>15s), ISPA with moderate
K even slightly outperforms the baseline in Aesthetic Quality. However, the
video quality decreases as K increase further (when K = 0:7N). This reveals a
e�ciency-utility tradeo�: although linear absorption can preserve global context,
a su�cient number of F-Layers is essential for modeling nonlinear, dynamic in-
teractions. ISPA's dynamic selection mechanism e�ectively captures the tradeo�
by preserving the most nonlinear layers, ensuring stability when the budge K
remains within a safe limit (K � 0:5N).
The impact of warmup frame T warm . Figure 5 investigates the sensitivity of
our closed-form adaptation to the warmup frame. At Twarm = 6, performance
drops sharply across all metrics. We attribute this to information starvation:
with insu�cient temporal diversity, the derived �W �ts to the narrow distri-
bution of the �rst several frames and fails to generalize as the video's seman-
tics evolve in later stages. Conversely, performance saturates and closely tracks
the uncompressed baseline once Twarm � 12, con�rming that a brief temporal
window provides su�cient statistical evidence to capture the core temporal dy-
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Fig. 3: Ablation study on core components. Top: Our full method maintains identity
consistency and visual sharpness. Middle: Removing parametric adaptation (No Ab-
sorb) leads to subject morphing over time. Bottom: Omitting initial KV pairs (No
Sink) causes oversmoothness.

Fig. 4: Ablation on KV cache eviction ratios over time. We evaluate (a) Aes-
thetic Quality, (b) Image Quality and Overall (c) Quality Score across a 30-second
generation horizon.

namics. While Twarm = 24 remains stable, it delays the bene�ts of KV cache
compression. Consequently, we adopt Twarm = 12 as the optimal trade-o� be-
tween adaptation accuracy and immediate memory e�ciency.
Impact of Warm-up Duration T warmp . Figure 5 evaluates the sensitivity of
our closed-form adaptation to Twarmp . At T=6, performance degrades rapidly.
We attribute this to information starvation: lacking temporal diversity, the de-
rived �W over�ts to initial frames and fails to generalize to later semantic shifts.
Conversely, for T�12, performance stabilizes and closely tracks the Full baseline,
con�rming that a brief window (2-3s) su�ces to capture core temporal dynamics.
Furthermore, T 2 [12; 18] often outperforms the baseline in late stages, reinforc-
ing that properly calibrated absorption �lters long-range attention noise. Finally,
while T = 24 is stable, it delays KV cache eviction. We therefore adopt T = 12
as the optimal trade-o�, balancing mathematical convergence with immediate
memory savings.

4.4 Further Analysis

Extension to Speech-to-Video (S2V) model. To further validate the ver-
satility of ISPA beyond text-to-video generation, we integrate it into the speech-
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