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Abstract

Pretrained LLMs excel across diverse tasks, yet
standard attention remains a major bottleneck
for long-context understanding. Recent test-
time training (TTT) methods alleviate this by
encoding context into internal model parame-
ters, but they typically require specialized ar-
chitectures, meta-learned initialization, or con-
tinual post-training, preventing plug-and-play
use on off-the-shelf LLMs. We propose test-
time training sparse attention (TTT-Sparse),
a plug-and-play alternative that performs test-
time training over external memory while keep-
ing the internal parameters frozen. For each
input, TTT-Sparse constructs contextual chunk
key states from the KV cache and learns a
lightweight query adapter to induce a task-
specific sparse attention pattern, which is used
during generation to attend only to the most rel-
evant context chunks and suppress interference
from irrelevant context. Extensive experiments
on long-context benchmarks show that TTT-
Sparse improves long-context understanding
while reducing generation-time attention cost.

1 Introduction

Long-context understanding has emerged as a cru-
cial capability of large language models, enabling
applications such as multi-turn dialogue (Maharana
et al., 2024), reasoning over large code reposito-
ries (Jimenez et al., 2024), and long-horizon agen-
tic systems (Chan et al., 2025). However, training
LLMs to robustly handle long contexts remains
challenging (Hsieh et al., 2024) due to the quadratic
cost of standard attention (Vaswani et al., 2017)
and the scarcity of high-quality long-context cor-
pora (Zhuang et al., 2025).

Prior work (Behrouz et al., 2025; Sun et al.,
2025; Feng et al., 2026) explores test-time train-
ing (TTT) to improve long-context understanding
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Figure 1: Comparison between prior TTT methods
and TTT-Sparse. While existing methods adapt the in-
ternal parameters of LLMs to encode long-context infor-
mation, TTT-Sparse keeps the off-the-shelf LLM frozen
and trains only a lightweight query adapter, which
guides top-relevant chunk selection over the external
memory to select relevant KV states during generation.

by adapting internal parameters of LLMs on each
input context. However, these methods require
pretrained initialization (Behrouz et al., 2025; Sun
et al., 2025) or additional continual training (Feng
et al., 2026), limiting their plug-and-play applica-
bility to off-the-shelf LLMs.

Different from these methods, we focus on the
external memory of LLMs, i.e., the prefilled KV
cache of the input context. In long-context settings,
task-relevant evidence is often sparsely distributed
among many irrelevant or redundant cached states.
Dense attention over the entire KV cache can there-
fore introduce distraction, positional bias, and evi-
dence dilution (Jin et al., 2025; Jiang et al., 2024b).
While sparse attention offers a natural way to filter
irrelevant context, existing methods usually rely
on fixed structures (Xiao et al., 2024), heuristic
KV-cache pruning (Li et al., 2024), or native sparse
patterns (Yuan et al., 2025) over frozen represen-
tations. Such static or heuristic patterns may fail
to capture the input-specific contextual structure
and task-specific selection preferences required for
generation.

To enable input-specific KV-cache sparsifica-
tion without updating the backbone LLM, we pro-
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pose Test-Time Training Sparse Attention (TTT-
Sparse), a plug-and-play method that learns sparse
attention patterns at test time. We consider a long-
context input consisting of a long document seg-
ment and a short task-specific observation segment,
such as a question or instruction. As shown in
Figure 1, the key insight is to use the observa-
tion tokens to infer which parts of the external
memory (i.e. prefilled KV cache) are likely to be
relevant for subsequent generation. After prefill-
ing, TTT-Sparse partitions the external memory
into consecutive chunks and aggregates a contex-
tual chunk key state for each chunk. The ag-
gregation weights combine intra-document impor-
tance, which captures the document’s internal struc-
ture, with observation-conditioned importance,
which reflects task-specific preferences. TTT-
Sparse then learns a lightweight query adapter
on the current input to introduce task-specific
chunk-selection preference into the query state
space. The adapter is optimized with a self-
supervised chunk-level target derived from the
frozen model’s observation-to-document attention,
enabling adapted query states to rank document
chunks according to the observation-derived task-
specific preference. During generation, adapted
queries select the top-relevant document chunks,
and the frozen LLM performs standard token-level
attention over the selected chunk tokens, the ob-
servation tokens, and the generated prefix. Exten-
sive experiments demonstrate that TTT-Sparse im-
proves long-context understanding while reducing
generation-time computation cost.

The contributions of this paper are three-fold:
a) We introduce TTT-Sparse, a new test-time train-
ing method for long-context understanding that
adapts sparse attention patterns over the KV cache
rather than updating internal model parameters.
b) We propose contextual chunk key states and
a lightweight query adapter to capture intra-docu-
ment contextual structure and task-specific prefer-
ence for sparse chunk selection. c) Extensive exper-
iments on long-context benchmarks demonstrate
the effectiveness and efficiency of the proposed
TTT-Sparse method.

2 Preliminary

Multi-head attention (MHA). The MHA block
in each Transformer layer consists of H atten-
tion heads. For simplicity, we describe one
head and omit the layer and head indices. Each

head is parameterized by three projection matrices
Wq,Wk,Wv ∈ Rd×dh , where d is the hidden state
dimension and dh is the head dimension. Given the
token representation xi ∈ Rd of the i-th token, the
corresponding query, key, and value states of each
attention head are calculated as

qi = xiWq , ki = xiWk , vi = xiWv. (1)

Causal scaled dot-product attention computes the
output oi as

oi =
∑

j≤i

zi,j∑
j′≤i zi,j′

vj , zi,j = exp
(qikj

⊤
√
dh

)
.

(2)
The causal constraint j ≤ i enforces that each to-
ken only attends to itself and the preceding context.

Long-context input formulation. A long-
context input with length T typically consists of
a document segment and an observation segment.
Let T = {1, . . . , T} denote the input positions.
We define the document segment D and observa-
tion segment O as D = {i ∈ T | sD ≤ i ≤ eD}
and O = {i ∈ T | sO ≤ i ≤ eO}, respectively.
The document segment provides long-context
evidence, while the observation segment specifies
the task through instructions, questions, answer
options, or response templates. The model is
expected to generate the answer based on evidence
from the document.

Chunk-level sparse attention. Standard causal
attention computes each output over all preceding
tokens, incurring quadratic complexity with respect
to the context length. To reduce this cost, sparse
attention methods restrict each query to a selected
subset of historical tokens. In this work, we per-
form sparse selection at the chunk level over the
document segment. Formally, we partition D into
C consecutive chunks indexed by C = {1, . . . , C}.
For each chunk c ∈ C, Tc = {sc, . . . , ec} ⊆ D de-
notes its token positions, with corresponding query,
key, and value states {qi,ki,vi}i∈Tc . Let Ki ⊆ C
denote the selected document chunks for the i-th
token. In practice, non-document tokens such as
observation tokens and the generated prefix are re-
tained by default, while sparse selection is applied
to the document chunks. Thus, the set of attended
token positions is defined as Si = Ri ∪

⋃
c∈Ki
Tc,

where Ri denotes the positions of retained non-
document tokens. The sparse attention output is
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Figure 2: TTT-Sparse framework. Left. After prefilling, (1) TTT-Sparse partitions the document KV cache into
chunks and builds contextual chunk key states for each attention head. (2) It then trains a lightweight query adapter
with attention patterns of observation tokens as supervision, adapting query states toward task-specific preferences.
Right. During generation, adapted queries select relevant chunks, and the model performs standard attention over
original KV states of selected chunks together with observation and generated prefix.

formulated as

õi =
∑

t∈Si

zi,t∑
t′∈Si

zi,t′
vt, (3)

where zi,t = exp
(
qik

⊤
t√

dh

)
. When |Si| ≪ |D|,

sparse attention methods substantially reduce the
computational costs.

3 Methodology

3.1 Overview
TTT-Sparse learns an input-specific sparse atten-
tion pattern over the long-context document seg-
ment at test time, while keeping the pretrained
LLM frozen. The method consists of two com-
ponents: contextual chunk key states (Sec. 3.2) and
a query adapter (Sec. 3.3). After prefilling, we
represent each document chunk by a contextual
chunk key state, computed as a weighted sum of
its original token key states using contextual impor-
tance scores derived from intra-document impor-
tance and observation-conditioned importance. We
then optimize a lightweight query adapter using
the attention distributions of the observation tokens
over document chunks as supervision, enabling
the adapted query states to capture task-specific
chunk preferences. During generation (Sec. 3.4),
the adapted query states score document chunks
using the contextual chunk key states and select
the most relevant subset. Standard attention is then

computed over the original key and value states of
the selected chunks, observation tokens, and gen-
erated prefix. The overall procedure is outlined in
Figure 2.

3.2 Contextual Chunk Key State

To select document chunks efficiently, TTT-Sparse
represents each chunk with a contextual chunk key
state, which is a weighted sum of the token key
states within the corresponding chunk. We com-
pute the weights from two types of contextual im-
portance scores: (i) intra-document importance
score, which captures contextual dependencies
within the document, (ii) observation-conditioned
importance score, which injects task preference
from observation tokens such as questions or in-
structions.

Intra-document importance score. Since atten-
tion scores reflect syntactic and contextual rela-
tions (Vig and Belinkov, 2019), we estimate the
intra-document importance score of each token
based on causal attention scores within the doc-
ument. To avoid the high cost of computing token-
level attention between all chunk pairs, we first
estimate coarse chunk-level attention scores and
then use the subsequent chunks with the largest
chunk-level attention scores to compute token-level
importance scores for each chunk.

Specifically, we first define the coarse chunk
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key state of the c-th chunk as the mean key state
k̄c =

1
|Tc|

∑
t∈Tc kt. The chunk query state is for-

mulated as a norm-weighted average of token query

states q̄c =
∑

j∈Tc(∥qj∥
2
2qj)∑

j′∈Tc ∥qj′∥22
. The norm weighting

assigns larger weights to tokens whose queries in-
duce larger attention scores and sharper attention
distributions (Govindarajan et al., 2026), yielding a
chunk query state that better reflects representative
and important tokens within the chunk. We then
compute the coarse causal importance score from
each future chunk u to the preceding chunk c < u
as

su→c =
exp (au,c)∑u−1

c′=1 exp
(
au,c′

) , (4)

where c < u and au,c =
q̄uk̄⊤

c√
dh

. For the c-th chunk,
the top-M future chunks with the largest coarse
scores, denoted asMin

c = argTopM{su→c}u>c,
are selected to calculate the fine-grained intra-
document importance score of the token at position
t ∈ Tc as

dint =
∑

u∈Min
c

su→c
exp

(
q̄uk

⊤
t /
√
dh

)
∑

t′∈Tc exp
(
q̄uk⊤

t′ /
√
dh

) .

(5)

Observation-conditioned importance score.
The intra-document importance score provides
a task-agnostic contextual prior by identifying
tokens that receive high attention scores from
subsequent document chunks. However, this
causal signal remains incomplete, as tail chunks
receive less supervision from future chunks, and
intra-document importance may not align with the
evidence required by the current task. Inspired
by Li et al. (2024), we therefore introduce an
observation-conditioned importance score from
the observation tokens to inject task-conditioned
signals into sparse attention.

For each observation token at position o ∈ O, we
compute its importance score for the c-th document
chunk as

so→c =
exp (ao,c)∑C

c′=1 exp
(
ao,c′

) , (6)

where ao,c =
qok̄⊤

c√
dh

. Similarly, we select the top-M

observation tokensMobs
c that assign the largest im-

portance score to the c-th chunk and then use these
tokens to compute the observation-conditioned im-

portance score of the token at position t ∈ Tc as

dobst =
∑

o∈Mobs
c

so→c
exp(qok

⊤
t /
√
dh)∑

t′∈Tc exp(qok
⊤
t′ /
√
dh)

.

(7)

Contextual chunk key state construction. The
intra-document and observation-conditioned im-
portance scores are combined to obtain the final
token-level contextual importance scores within
each chunk. For each token at position t ∈ Tc, we
compute the contextual importance score dt as

dt = dint + dobst . (8)

Finally, the contextual chunk key state kctx
c of the

c-th chunk is computed as a weighted sum of the
original key states, which is formulated as

kctx
c =

∑

t∈Tc
wtkt, (9)

where wt =
dt∑

t′∈Tc dt′
. This aggregation preserves

the original key state space while emphasizing to-
kens supported by both intra-document importance
and task-specific preference.

3.3 Query Adapter
After constructing contextual chunk key states, we
further learn a lightweight query adapter to intro-
duce the task-specific selection preference into the
query state space. As observation tokens com-
monly include questions or instructions, their atten-
tion distributions reveal task-specific preferences
over document chunks, thereby providing a natural
supervision signal for learning the query adapter.
Moreover, instead of imposing this preference as a
fixed bias shared by all generation steps, the query
adapter applies a residual transformation to the
query state. In this way, each generated token pre-
serves its own query-dependent behavior, while
its chunk scoring is calibrated toward the sparse
selection pattern inferred from observation tokens.

Specifically, the query adapter Φ of each atten-
tion head is parameterized by two low-rank matri-
ces A ∈ Rdh×r and B ∈ Rr×dh , with r ≪ dh.
Given a query state qt, the query adapter applies a
low-rank residual transformation as

Φ(qt) = qt +
α

r
qtAB, (10)

where α controls the strength of the adapter. Ac-
cordingly, the resulting attention score between the
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Algorithm 1 The training procedure of the query
adapter for each layer and attention head.
// Layer/head indices ℓ, h are omitted for clarity

Input: Original KV cache; contextual chunk key states; ob-
servation tokens O; rank r; scale α; learning rate η; up-
date steps N .

Output: Query adapter for the current attention head.
1: Freeze all pretrained LLM parameters.
2: Initialize Φ, with A randomly initialized and B ← 0.
3: for step n = 1, . . . , N do
4: for observation token o ∈ O do
5: Compute reference chunk-level distribution

prefo (c)← softmaxc

(
qok̄

⊤
c /
√
dh

)
.

6: Compute adapted chunk-level distribution

padpo (c; Φ)← softmaxc

(
Φ(qo)k

ctx
c

⊤
/
√
dh

)
.

7: end for
8: Compute head-wise KL loss

Ladp ← 1
|O|

∑
o∈O KL

(
prefo ∥padpo

)
.

9: Update adapter parameters
A,B ← A,B − η∇A,BLadp.

10: end for

adapted query state and the contextual chunk key
state can be decomposed as

Φ(qt)k
ctx
c

⊤
√
dh

=
qtk

ctx
c

⊤
√
dh

+
α

r
· qtABkctx

c
⊤

√
dh

. (11)

The second term is a learned residual score that
adjusts the original chunk score in a task-specific
and query-dependent manner.

To train the query adapter, we use attention dis-
tributions from observation tokens to document
chunks as supervision for learning the task-specific
chunk preferences in the query state space. For
each observation token at position o ∈ O, we
define the reference distribution over document
chunks as

prefo (c) =
exp

(
qok̄

⊤
c /
√
dh

)
∑C

c′=1 exp
(
qok̄⊤

c′/
√
dh

) , (12)

where c ∈ C and k̄c = 1
|Tc|

∑
t′∈Tc kt′ . We then

compute the adapted distribution over document
chunks using the adapted query state and contextual
chunk key states:

padpo (c; Φ) =
exp

(
Φ(qo)k

ctx
c

⊤
/
√
dh

)

∑C
c′=1 exp

(
Φ(qo)kctx

c′
⊤
/
√
dh

) .

(13)
Since minimizing the KL divergence between the
two distributions better preserves the relative im-
portance (Kim et al., 2022) and aligns naturally

with chunk selection, the loss function of the query
adapter is formulated as

Ladp =
1

|O|
∑

o∈O
KL

(
prefo ∥padpo (·; Φ)

)
. (14)

Algorithm 1 summarizes the overall learning pro-
cedure, where each attention head learns an inde-
pendent adapter while the pretrained LLM remains
frozen. During training, only the low-rank matrices
A and B are updated, which keeps the adaptation
lightweight. We initialize B to 0, ensuring that the
adapter starts from the original model behavior and
gradually learns task-specific preference.

3.4 Sparse Generation
After test-time training, each attention head obtains
contextual chunk key states {kctx

c }c∈C and a query
adapter Φ. During autoregressive generation, these
learned components are only used for sparse chunk
selection, while the final attention output is calcu-
lated over the original full-precision KV cache of
the selected chunks, observation tokens, and gener-
ated prefix.

For each generation step i, let qi denote the cur-
rent query state. We first apply the learned query
adapter to the query state as

q̂i = Φ(qi). (15)

The adapted query is then used to score the c-th
document chunk against the corresponding contex-
tual chunk key state as

si,c =
q̂ik

ctx
c

⊤
√
dh

. (16)

Given a keep ratio ρ, we select the top-ranked
chunks as

Ki = argTopK{si,c}c∈C , (17)

where K = ⌈ρ|C|⌉. The set of attended token
positions at step i is defined as

Si = Ri ∪
⋃

c∈Ki

Tc, (18)

where Ri denotes the positions of non-document
tokens, including observation tokens and generated
prefix. We gather the original key and value states
indexed by Si from the original KV cache and com-
pute standard scaled dot-product attention as

õi =
∑

t∈Si

exp
(
qik

⊤
t /
√
dh

)
∑

t′∈Si
exp

(
qik⊤

t′ /
√
dh

)vt. (19)
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Method Code Repo Long ICL Long Struct Long Dialog Multi-Doc QA Single-Doc QA Avg.
Q

w
en

3-
8B

Full Attention 32.00 40.74 30.30 28.21 31.20 34.86 33.80
Random Sparse 36.00 32.10 18.18 33.33 26.40 30.86 29.80
SnapKV 34.00 38.27 30.30 20.51 32.00 36.00 33.60
Quest 38.00 35.80 27.27 23.08 31.20 36.00 33.40
TTT-Sparse 38.00 40.74 33.33 33.33 31.20 36.00 35.39

Q
w

en
3-

14
B Full Attention 40.00 45.68 21.21 20.51 31.20 34.29 34.00

Random Sparse 28.00 18.52 18.18 28.21 31.20 32.57 28.23
SnapKV 44.00 45.68 30.30 12.82 34.40 36.00 35.79
Quest 46.00 48.15 30.30 12.82 32.00 36.57 35.98
TTT-Sparse 40.00 49.38 30.30 23.08 34.40 37.14 37.18

Table 1: Accuracy (%) on 6 tasks of the LongBench-v2 benchmark. YaRN is applied to Qwen models to support
120K context length. The best results are shown in bold.

Notably, inspired by Mao et al. 2026, to prevent
positional information from biasing selection, we
use pre-RoPE query and key states for test-time
training and sparse chunk selection, encouraging
the learned sparse pattern to be driven by seman-
tic relevance. However, the final standard scaled
dot-product attention is calculated with the post-
RoPE query state, the post-RoPE key states from
the original KV cache, and the original value states.

4 Experiments

4.1 Experimental Setup
Benchmarks. We empirically evaluate the long-
context performance of the proposed method on
two long-context benchmark datasets, including
LongBench-v2 (Bai et al., 2025) and RULER (Hsieh
et al., 2024). The LongBench-v2 benchmark con-
tains multiple-choice questions with contexts up
to 2M words, covering diverse real-world sce-
narios such as code repository understanding,
long in-context learning, single-document QA,
multi-document QA, long-dialogue history under-
standing, and long structured data understanding.
RULER benchmark provides synthetic long-context
evaluation, including needle-in-a-haystack (NIAH),
aggregation, and question answering (QA) tasks,
which respectively measure evidence retrieval, dis-
tributed information aggregation, and question an-
swering over long contexts. Additional details of
benchmarks can be found in Appendix B.2.

Baselines. We compare the proposed method
TTT-Sparse with (i) full attention, (ii) random
sparse, which randomly selects chunks during gen-
eration, (iii) SnapKV (Li et al., 2024), which se-
lects the set of important KV for each attention
head based on attention patterns from the obser-
vation tokens, and (iv) Quest (Tang et al., 2024),
which dynamically selects query-relevant chunks

for sparse attention during generation.

Models. We evaluate both baselines and the pro-
posed TTT-Sparse using open-source models from
the Qwen3 family (Yang et al., 2025), including
Qwen3-8B and Qwen3-14B. For both LongBench-
v2 and RULER, we use the same decoding config-
uration with temperature 0.7, top-p 0.8, and top-
k 20. On LongBench-v2, we enable YaRN posi-
tional scaling to support contexts up to 120K to-
kens, while on RULER, we disable YaRN and use
the default context configuration of each model.

Implementation Details. For all methods, the
keep ratios ρ are set to 0.01 and 0.2 on LongBench-
v2 and RULER, respectively. For TTT-Sparse and
Quest, we set the chunk size to 512 on LongBench-
v2 following the setup of Bai et al. (2025), and use
the chunk size as 4 on RULER. The rank r of the
query adapter is 32, and the number of update steps
is 8. The learning rates η are 0.1 for Qwen3-8B
and 0.05 for Qwen3-14B. More implementation
details are provided in Appendix B.3.

4.2 Results
The results on the LongBench-v2 benchmark are
shown in Table 1. As can be seen, the proposed
TTT-Sparse method achieves the best average per-
formance on both Qwen3-8B and Qwen3-14B.
Compared with sparse baselines such as Random
Sparse, SnapKV, and Quest, TTT-Sparse obtains
consistently higher average accuracy, indicating
that learning sparse attention patterns at test time
is more effective than random or heuristic sparse
selection. Notably, TTT-Sparse matches or outper-
forms full attention on every LongBench-v2 task
across both model scales, suggesting that it can
reduce irrelevant long-context interference while
preserving task-relevant evidence.

Furthermore, to assess whether TTT-Sparse
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Length Method NIAH Aggregation QA
Q

w
en

3-
8B

16k

Full Attention 99.72 82.23 63.00
Random Sparse 0.03 70.98 37.00
SnapKV 98.88 78.10 61.50
Quest 99.84 81.20 62.50
TTT-Sparse 99.97 87.50 69.50

32k

Full Attention 99.44 80.37 62.00
Random Sparse 0.00 67.91 35.00
SnapKV 97.91 79.35 62.50
Quest 99.16 80.22 62.00
TTT-Sparse 99.25 87.69 67.50

Q
w

en
3-

14
B

16k

Full Attention 100.00 89.40 71.00
Random Sparse 0.16 81.02 44.50
SnapKV 99.88 87.94 70.50
Quest 100.00 86.73 70.50
TTT-Sparse 100.00 92.30 73.00

32k

Full Attention 100.00 86.56 67.50
Random Sparse 0.53 76.84 45.50
SnapKV 99.50 84.55 68.00
Quest 100.00 83.10 69.00
TTT-Sparse 99.84 87.60 69.50

Table 2: Performance on 3 tasks of the RULER across
various context lengths. The best results are shown in
bold and the second-best results are underlined.

Method Ministral-3-8B Ministral-3-14B

Full Attention 34.99 38.77
SnapKV 34.79 38.17
Quest 35.19 39.36
TTT-Sparse 37.18 41.15

Table 3: Accuracy (%) of the LongBench-v2 benchmark
on the Ministral-3 family.

causes the model to lose fine-grained information
within long contexts, we evaluate it on the RULER
benchmark at various context lengths. The results
are shown in Table 2. As can be seen, TTT-Sparse
achieves the best performance on aggregation and
QA tasks across both model scales and context
lengths, while maintaining near-perfect retrieval ac-
curacy on the NIAH task. These results suggest that
TTT-Sparse preserves fine-grained retrieval ability
while improving reasoning over long contexts.

4.3 Ablation Study

Extension to Additional Models. To assess
whether the proposed method TTT-Sparse general-
izes beyond the Qwen3 family, we further evaluate
it on Ministral-3-8B and Ministral-3-14B models.
As shown in Table 3, TTT-Sparse consistently out-
performs full attention and the sparse baselines at
both model scales, supporting its generalization to
other model families.

Effectiveness of query adapter and contextual
chunk key state. We conduct an ablation study

Method Qwen3-8B Qwen3-14B

Full Attention 33.80 34.00
TTT-Sparse w/o Φ and kctx

c 32.41 35.79
TTT-Sparse w/o Φ 34.00 35.98
TTT-Sparse 35.39 37.18

Table 4: Ablation study on the key components of TTT-
Sparse on LongBench-v2 benchmark.
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Figure 3: Sensitivity analysis of learning rate η. We
report the average accuracy (%) of LongBench-v2 on
Qwen3 family using TTT-Sparse across various query
adapter learning rates η.

to evaluate the contribution of each component in
TTT-Sparse, as shown in Table 4. TTT-Sparse w/o
Φ and kctx

c removes both the query adapter and con-
textual chunk key states, where the original query
state directly scores each chunk using the mean
chunk key state during generation. TTT-Sparse w/o
Φ removes only the query adapter and uses the orig-
inal query state to score the contextual chunk key
states for chunk selection. The results show that
directly scoring mean chunk key states provides
limited and unstable gains, as TTT-Sparse w/o Φ
and kctx

c underperforms full attention on Qwen3-
8B. TTT-Sparse w/o Φ improves performance by
introducing contextual chunk key states, indicating
that the proposed chunk key state better captures in-
formative tokens within each chunk. Finally, TTT-
Sparse achieves the best performance on both mod-
els, improving over the contextual chunk key state
variant by 1.39% and 1.20% on Qwen3-8B and
Qwen3-14B, respectively. These results demon-
strate that both contextual chunk key states and
the test-time optimized query adapter contribute to
effective sparse attention selection.

Impact of query adapter learning rate. We
conduct sensitivity analysis to evaluate the impact
of the learning rate η used for query adapter op-
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Figure 4: Comparison of generation latency (ms/token)
using Qwen3-14B across different context lengths. TTT-
Sparse substantially reduces generation latency under
long contexts.

Method Avg.

Post-RoPE 32.80
Pre-RoPE 35.39

Table 5: Ablation of
using pre-RoPE ver-
sus post-RoPE states.

Method Avg.

Uniform 33.00
Norm-weighted 35.39

Table 6: Ablation of averag-
ing strategies for constructing
chunk query states.

timization. As shown in Figure 3, TTT-Sparse
consistently improves over the full attention base-
line across a broad range of learning rates on both
Qwen3-8B and Qwen3-14B. This indicates that
the proposed method is not sensitive to the learn-
ing rate. In particular, Qwen3-8B achieves its
best performance at a moderate learning rate of
0.1, while Qwen3-14B maintains stable gains un-
der larger learning rates. These results suggest
that query adapter training provides robust input-
specific adaptation across different model scales.

Wall-clock time comparison. We compare the
average generation latency of TTT-Sparse and full
attention on Qwen3-14B across different context
lengths with the keep ratio ρ = 0.1, undergoing
512 generate steps. As shown in Figure 4, the
latency of full attention increases rapidly as the
context length grows, while TTT-Sparse remains
much more stable. This demonstrates that selecting
a small set of relevant chunks during generation
can substantially reduce the attention computation
cost, especially under long-context settings. More
wall-clock time comparisons under different hyper-
parameter settings are provided in Appendix C.

Ablation of using pre-RoPE states. We assess
the effectiveness of using pre-RoPE query and key
states for test-time training and sparse chunk selec-
tion. Since RoPE introduces relative positional in-

Model Length Full Attention TTT-Sparse

Qwen3-8B
4K 72.0 74.5
8K 68.0 72.0

Qwen3-14B
4K 76.0 77.5
8K 72.0 73.0

Table 7: Accuracy (%) on short-context QA tasks of the
RULER benchmark. The best results are shown in bold.

formation into standard attention, using pre-RoPE
states reduces its influence on chunk selection. As
shown in Table 5, using pre-RoPE states yields
better performance than using post-RoPE states,
suggesting that separating relevance estimation
from positional information benefits chunk selec-
tion. Further analysis of the use of pre-RoPE states
is provided in Appendix C.

Ablation of averaging methods to construct
chunk query states. TTT-Sparse employs norm-
weighted averaging to emphasize query states that
capture stronger and more selective contextual de-
pendencies. We compare it with the straightfor-
ward alternative of uniform averaging. As shown in
Table 6, norm-weighted averaging outperforms uni-
form averaging, supporting its effectiveness in con-
structing more representative chunk query states.

Performance on short-context QA. To examine
whether TTT-Sparse degrades short-context capa-
bilities, we additionally evaluate it on the 4k and
8k RULER QA tasks. This benchmark includes
a SQuAD-based (Rajpurkar et al., 2016, 2018)
task that emphasizes reading comprehension, and
a HotpotQA-based (Yang et al., 2018) task that re-
quires multi-hop integration. As shown in Table 7,
TTT-Sparse achieves better performance across var-
ious model sizes and context lengths compared to
full attention on all tasks. These results suggest
that TTT-Sparse does not degrade other capabilities
of models, including QA or short-context perfor-
mance. The detailed results on each QA task are
provided in Table 14 of Appendix C.

Due to page limit, additional experiments and
analysis are provided in Appendix C.

5 Related Work

Test-Time Training. Test-Time Training (TTT)
is a paradigm that enables a model to adapt to
each input by optimizing an auxiliary objective
at inference time. TTT demonstrates strong effec-
tiveness in computer vision (Sun et al., 2020; Liu
et al., 2021; Gandelsman et al., 2022), and recent
studies extend this paradigm to language modeling
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and long-context understanding (Sun et al., 2025;
Tandon et al., 2025; Feng et al., 2026). For long-
context understanding, recent TTT methods store
contextual information in fast weights or neural
memory modules. TTT layers (Sun et al., 2025)
treat hidden states as learnable models and update
them on the test sequence, while Titans (Behrouz
et al., 2025) introduces a memory module that
learns to retain past information at test time. TTT-
E2E (Tandon et al., 2025) trains model weights
on the input context with next-token prediction,
LaCT (Zhang et al., 2026) scales TTT with large-
chunk fast weight updates, and In-Place TTT (Feng
et al., 2026) repurposes MLP weights as inference-
time fast weights under a new training objective.
Despite their effectiveness, existing TTT methods
for long-context LLMs adapt internal states or pa-
rameters of models, typically requiring specialized
architectures, learned initialization of fast weights,
or additional training on external datasets. In con-
trast, TTT-Sparse performs test-time training over
the external KV cache by learning sparse attention
patterns for chunk selection, enabling plug-and-
play use with frozen pretrained LLMs.

Sparse Attention. Sparse attention methods im-
prove the efficiency of long-context models by
restricting attention to a subset of tokens. Early
methods train models with predefined sparse pat-
terns, such as sliding-window, global, or ran-
dom attention (Beltagy et al., 2020; Zaheer et al.,
2020). For long-context LLM inference, sev-
eral methods exploit sparsity in the KV cache.
StreamingLLM (Xiao et al., 2024) preserves atten-
tion sinks and local windows, H2O (Zhang et al.,
2023) retains heavy-hitter and recent tokens, and
SnapKV (Li et al., 2024) compresses the prompt
KV cache using attention patterns observed near
the end of the prompt. MInference (Jiang et al.,
2024a) accelerates prefilling with head-specific
sparse patterns, while Quest (Tang et al., 2024)
selects query-relevant KV pages during decoding.
Different from these static or heuristic sparse atten-
tion methods, TTT-Sparse learns an input-specific
sparse attention pattern at test time, adapting chunk
selection to both document structure and task-
specific preferences from observation tokens.

6 Conclusion

In this paper, we propose TTT-Sparse, a plug-and-
play test-time training method for long-context un-
derstanding and generation efficiency that adapts

sparse attention patterns over the external mem-
ory (i.e., KV cache) while keeping the pretrained
model frozen. TTT-Sparse first constructs con-
textual chunk key states to represent document
chunks based on intra-document importance and
observation-conditioned importance. Lightweight
query adapters are then optimized to inject task-
specific selection preferences from observation to-
kens into the query state space. During generation,
the learned components are used only to select rel-
evant chunks, while the final attention is computed
over the original KV states of the selected chunks,
the observation tokens, and the generated prefix.
Experiments on LongBench-v2 and RULER show
that TTT-Sparse improves long-context understand-
ing, preserves fine-grained retrieval, and reduces
generation latency. Additional Ministral-3 results
and sensitivity analyses support its effectiveness
across model families and robustness across the
evaluated settings. These results suggest that test-
time training over external memory is an effective
alternative to updating internal model parameters
for long-context understanding.

Limitations

Despite the gains in long-context understanding
and generation efficiency, TTT-Sparse preserves
the full KV cache, reducing generation-time atten-
tion computation but not KV-cache memory. More-
over, supervision derived from the average chunk-
level attention distribution of the frozen model may
cause the query adapter to inherit ranking errors.
Our analysis of selected chunks shows that TTT-
Sparse recovers some missed evidence, but correc-
tion of all such errors is not guaranteed. The fixed
chunk size, learning rate, and adapter scale α may
also be suboptimal across different inputs and tasks,
motivating future work on adaptive chunking and
input-dependent adaptation hyperparameters.
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A Algorithm

We present the TTT-Sparse attention module ap-
plied to each layer and attention head, together with
the overall TTT-Sparse procedure, in Algorithm 2
and Algorithm 3, respectively. For clarity, Algo-
rithm 2 omits layer and head indices. All variables,
including the query adapter, contextual chunk key
states, and KV cache, correspond to the specific
layer and attention head.

B Implementation Details

B.1 Alignment with Grouped Query Attention
The Qwen3 models used in our experiments adopt
grouped query attention (GQA), where multiple
query heads share one key-value head. Let Hq and
Hkv denote the numbers of query heads and key-
value heads, respectively, and let G(g) denote the
set of query heads associated with the g-th key-
value head. In the main text, we describe TTT-
Sparse for a single attention head for notational
simplicity. In implementation, each query head has
its own query state, while several query heads share
the same key and value states. Therefore, TTT-
Sparse computes query adapters, adapted queries,
and chunk scores separately for each query head,
but performs sparse selection over the shared KV
cache within each GQA group.

Considering the computational overhead of
maintaining separate sparse attention patterns for
query heads that share the same KV cache, we
aggregate chunk scores within each GQA group
and perform a single top-K selection for each key-
value head. Specifically, let s(h)i,c ∈ R denote the
score assigned by query head h to the c-th docu-
ment chunk at generation step i, computed from the
adapted query state and the corresponding contex-
tual chunk key state. For the g-th key-value head,
we define the group-level chunk score as

s
(kv,g)
i,c = max

h∈G(g)
s
(h)
i,c . (20)

We then select top-relevant chunks using the group-
level scores:

K(kv,g)
i = argTopK{s(kv,g)i,c }Cc=1, (21)

where K = ⌈ρC⌉. The attended token positions
for the g-th key-value head are

S(kv,g)i = Ri ∪
⋃

c∈K(kv,g)
i

Tc. (22)

Each query head h ∈ G(g) then computes standard
attention with its own query state over the original
key and value states of the shared KV head indexed
by S(kv,g)i . This aggregation preserves the most
relevant chunks for each GQA group while keeping
the sparse attention computation aligned with the
original GQA implementation.

B.2 Details of benchmarks

LongBench-v2 LongBench-v2 (Bai et al., 2025)
is a challenging benchmark for evaluating long-
context understanding under heterogeneous input
formats. It consists of 503 multiple-choice ques-
tions with contexts up to 2M words, covering di-
verse realistic scenarios such as code repository
understanding, long in-context learning, long struc-
tured data understanding, long dialogue history
understanding, multi-document QA, and single-
document QA. Following the LongBench-v2 evalu-
ation protocol, we keep a maximum context length
of 120K tokens and truncate longer inputs by re-
moving content from the middle while preserving
the beginning and the end of the context. These
tasks require models to identify and use relevant
evidence scattered across long and noisy contexts.
For example, in the code repository task, models
need to reason over multi-file project structures,
while in multi-document QA, they must integrate
information distributed across several related docu-
ments. Thus, LongBench-v2 is suitable for evaluat-
ing whether TTT-Sparse and baselines can handle
diverse long-context inputs.

RULER. RULER (Hsieh et al., 2024) is a syn-
thetic benchmark for evaluating the effective con-
text length of long-context LLMs. It constructs
controllable long-context instances by embedding
task-relevant evidence among distractor content. In
our experiments, we report results on three task
groups: Needle-in-a-Haystack (NIAH), aggrega-
tion, and question answering (QA). NIAH eval-
uates exact retrieval across single-needle, multi-
key, multi-value, and multi-query variants. Ag-
gregation consists of common words extraction
(cwe) and frequent words extraction (fwe), requir-
ing models to aggregate word-level statistics over
the full context. QA consists of qa_1 and qa_2,
which adapt SQuAD and HotpotQA examples by
mixing answer-bearing passages with distractors.
These tasks assess precise retrieval, distributed ag-
gregation, and question-conditioned evidence use
in long contexts.
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Algorithm 2 TTT-Sparse Attention for each attention head.

// Layer/head indices ℓ, h are omitted for clarity

Input: Query state qi, original KV cache {kt,vt}, contextual chunk key states {kctx
c }Cc=1, query adapter

Φ, non-document positionsRi, keep ratio ρ.
Output: Attention output õi.

1: Compute adapted query q̂i ← Φ(qi).

// Chunk-level sparse selection
2: Compute chunk scores

si,c ← q̂ik
ctx
c

⊤
/
√
dh.

3: Select top-relevant chunks
Ki ← arg TopK{si,c}Cc=1, where K = ⌈ρC⌉.

4: Form attended positions
Si ← Ri ∪

⋃
c∈Ki
Tc.

// Standard attention over selected original KV states
5: Compute attention output

õi ←
∑

t∈Si

exp(qik
⊤
t /

√
dh)∑

t′∈Si
exp(qik⊤

t′ /
√
dh)

vt.

6: return õi.

Benchmark Model M Chunk size Keep ratio η

LongBench-v2
Qwen3-8B

64 512 0.01
0.10

Qwen3-14B 0.05

RULER
Qwen3-8B

32 4 0.20
0.10

Qwen3-14B 0.05

Table 8: Hyperparameter settings for TTT-Sparse.

B.3 Hyperparameters

Unless otherwise specified, TTT-Sparse uses a low-
rank query adapter with update steps N = 8, rank
r = 32, and adapter scale α = 0.1. Table 8 reports
the detailed hyperparameters, where M is the top-
M budget used for constructing contextual chunk
key states and ρ is the sparse keep ratio used during
chunk selection.

For all ablation studies, we use the default hyper-
parameter setting of the corresponding benchmark,
except when the ablated hyperparameter is explic-
itly swept for sensitivity analysis. Unless otherwise
specified, all wall-clock comparisons are conducted
using Qwen3-14B on a single NVIDIA H200 GPU
with batch size 1, an 80K context length, 512 gen-
erated tokens, a chunk size of 512, a keep ratio
of ρ = 0.1, 8 query adapter update steps, and the
default eager-attention implementation for gener-
ation. We report the average over multiple runs.
As we do not use hardware-specialized sparse-
attention kernels, further speedups may be possible
with hardware-aware implementations (Tang et al.,
2024; Yuan et al., 2025).

Method < 32K 32K–128K > 128K

Full Attention 38.89 32.09 28.70
SnapKV 38.33 31.63 29.63
Quest 38.33 30.70 30.56
TTT-Sparse 41.11 32.56 31.48

Table 9: Detailed accuracy (%) on LongBench-v2 using
Qwen3-8B, grouped by original input length before
truncation. The best results are shown in bold.

C More Experimental Results

Detailed results grouped by original input
length. To examine performance across different
input lengths, we group all 503 LongBench-v2 ex-
amples according to their original token lengths be-
fore truncation. As shown in Table 9, TTT-Sparse
achieves the highest accuracy in all three groups,
indicating that its performance advantage is main-
tained across various input lengths. All processed
inputs are capped at 120K tokens through middle
truncation. Therefore, the > 128K group refers
to original input length rather than evaluation with
more than 128K processed tokens.

Impact of chunk size. We explore the effects of
chunk size for TTT-Sparse on LongBench-v2. As
shown in Figure 5, TTT-Sparse outperforms the
full attention and sparse baselines across different
chunk sizes. This demonstrates the effectiveness of
TTT-Sparse and suggests that the method is reason-
ably robust to the choice of chunk size.

Additional wall-clock time comparisons. We
evaluate the wall-clock time of TTT-Sparse on
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Algorithm 3 Overall Procedure of TTT-Sparse.

Input: Long-context input with document segment D and observation segment O, keep ratio ρ, top-M
budget M .

Output: Generated tokens.

// Test-time preparation
1: Prefill the input and obtain the original KV cache, query/key states, and document chunks {Tc}Cc=1.
2: for each layer ℓ and attention head h do
3: Construct contextual chunk key states {kctx,ℓ,h

c }Cc=1 with Eq. 9.
4: Optimize query adapter Φℓ,h using Algorithm 1.
5: end for

// Autoregressive generation with TTT-Sparse Attention
6: for generation step i = 1, 2, . . . do
7: Embed the current token and obtain hidden state h0

i .
8: for layer ℓ = 1, . . . , L do
9: Compute query/key/value states from hℓ−1

i .
10: for attention head h = 1, . . . , H do
11: Execute TTT-Sparse Attention in Algorithm 2.

// Using Φℓ,h, {kctx,ℓ,h
c }, and the original KV cache of head h

12: end for
13: Merge attention-head outputs.
14: Apply the remaining frozen layer operations.
15: end for
16: Compute output logits and generate the next token.
17: Update the original KV cache following standard autoregressive decoding.
18: end for
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Figure 5: Sensitivity analysis of chunk size. Average
accuracy (%) of LongBench-v2 on Qwen3 family using
TTT-Sparse across various chunk sizes.

Qwen3-14B under different sparse keep ratios.
As shown in Figure 6, TTT-Sparse consistently
achieves lower generation latency than full atten-
tion with 80K context length. The latency remains
nearly unchanged when ρ ≤ 0.1 and increases as
more chunks are retained. Even at ρ = 0.5, TTT-
Sparse remains faster than full attention, indicating

that sparse chunk selection reduces generation-time
attention cost across different keep ratios.

We further measure end-to-end (E2E) wall-clock
time, where Full E2E includes prefill and full at-
tention generation, while TTT E2E includes prefill,
test-time training, and sparse generation. Tables 10,
11, 12, and 13 report end-to-end wall-clock time
across different prefix lengths, generation lengths,
update steps, and chunk sizes, respectively. The
results show that the test-time training overhead re-
mains small relative to the generation cost. As the
prefix or generation length increases, TTT-Sparse
achieves larger speedups because full attention gen-
eration cost grows more rapidly with context length,
while the relative impact of the fixed test-time train-
ing overhead diminishes as more tokens are gen-
erated. In contrast, varying the number of update
steps or the chunk size causes only modest changes
in end-to-end wall-clock time, indicating consistent
efficiency gains across the evaluated optimization
budgets and chunk granularities. Overall, these
results demonstrate that TTT-Sparse provides ro-
bust end-to-end efficiency gains across different
hyperparameter settings.
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Prefix Length Prefill (s) TTT (s) Full gen. (s) Sparse gen. (s) Full E2E (s) TTT E2E (s) Speedup

40K 3.21 0.52 38.48 23.78 41.69 27.51 1.52×
60K 5.50 0.60 53.88 23.55 59.38 29.65 2.00×
80K 8.51 0.70 70.38 25.16 78.89 34.37 2.30×
100K 12.02 0.81 91.68 28.89 103.70 41.72 2.49×
120K 16.57 0.90 108.74 32.05 125.31 49.52 2.53×

Table 10: Comparison of end-to-end wall-clock time (s) using Qwen3-14B across different prefix lengths. TTT-
Sparse achieves increasing speedups as the prefix length grows.
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Figure 6: Comparison of generation latency (ms/token)
of Qwen3-14B across different keep ratios with 80K
context length.

Generated Tokens Full E2E (s) TTT E2E (s) Speedup

128 26.31 15.76 1.67×
256 44.02 22.10 1.99×
512 78.89 34.37 2.30×
1024 150.74 60.44 2.49×
2048 294.90 112.93 2.61×

Table 11: Comparison of end-to-end wall-clock time (s)
using Qwen3-14B across different generation lengths.
TTT-Sparse achieves larger speedups for longer genera-
tions.

Detailed results on short-context QA tasks. Ta-
ble 14 provides the detailed results on short-context
QA tasks. As can be seen, TTT-Sparse outper-
forms full attention on both the SQuAD-based and
HotpotQA-based QA tasks across the evaluated
model sizes and context lengths. These results in-
dicate that the improvements are consistent across
reading comprehension and multi-hop question an-
swering, rather than being driven by a single task.

Impact of query adapter scale α. We evaluate
the robustness of the proposed method to α through
a sensitivity analysis on LongBench-v2 of Qwen3-
8B with fixed hyperparameters. As shown in Ta-
ble 15, TTT-Sparse outperforms the full attention
baseline across various α, which demonstrates the
robustness of the proposed method to α. However,

Update Steps TTT (s) TTT E2E (s) Speedup

1 0.39 33.98 2.32×
2 0.44 34.23 2.30×
4 0.53 34.15 2.31×
8 0.70 34.37 2.30×
16 1.04 34.88 2.26×
32 1.80 35.40 2.22×

Table 12: Comparison of end-to-end wall-clock time (s)
using Qwen3-14B across different numbers of update
steps. TTT-Sparse maintains consistent speedups across
various update steps.

Chunk Size TTT E2E (s) Speedup

32 33.21 2.38×
64 33.48 2.36×
128 32.84 2.40×
256 33.31 2.37×
512 33.95 2.32×

1024 33.34 2.37×

Table 13: Comparison of end-to-end wall-clock time
(s) using Qwen3-14B across different chunk sizes with
ρ = 0.01.

both excessively large and excessively small values
underperform α = 0.1, suggesting that sample-
level adaptive α may offer further improvements.
We leave this extension for future work.

Analysis of selected chunks. To evaluate
whether each method can accurately locate task-
relevant evidence, we measure Hit@K on RULER
NIAH prompts with 32K context length. For each
prompt, selection scores are normalized within
each layer and KV head and then averaged to ob-
tain a unified chunk ranking. Hit@K is defined
as the fraction of prompts for which at least one
gold-evidence chunk is contained within the top-K
selected chunks. As shown in Table 16, the selected
chunks of TTT-Sparse contain the gold evidence
for every prompt, whereas the baselines only reach
comparable Hit@K at larger K. This shows that
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Model Length
SQuAD HotpotQA Mean

Full Attention TTT-Sparse Full Attention TTT-Sparse Full Attention TTT-Sparse

Qwen3-8B
4K 86.0 88.0 58.0 61.0 72.0 74.5
8K 80.0 86.0 56.0 58.0 68.0 72.0

Qwen3-14B
4K 88.0 89.0 64.0 66.0 76.0 77.5
8K 85.0 86.0 59.0 60.0 72.0 73.0

Table 14: Detailed accuracy (%) on the SQuAD-based and HotpotQA-based RULER QA tasks at 4K and 8K context
lengths. The better result between full attention and TTT-Sparse is shown in bold.

α 0.01 0.05 0.10 0.20 0.50

Avg. 34.39 34.99 35.39 34.79 34.19

Table 15: Sensitivity analysis of the query adapter scale
α on LongBench-v2 using Qwen3-8B. The best result
is shown in bold.

Selector Hit@1 Hit@2 Hit@4 Hit@8 Hit@16

Frozen attention 0.017 0.100 0.500 0.883 1.000
Random 0.000 0.000 0.000 0.000 0.017
Quest 0.667 0.800 0.933 0.983 1.000
SnapKV 0.333 0.800 1.000 1.000 1.000
TTT-Sparse 1.000 1.000 1.000 1.000 1.000

Table 16: Comparison of Hit@K for locating gold-
evidence chunks across different chunk selection meth-
ods on RULER NIAH prompts with 32K context length.
The best results are shown in bold.

TTT-Sparse locates the gold evidence substantially
more accurately than existing baselines, supporting
the effectiveness of the proposed method.

Furthermore, we measure the miss rate of the
original attention pattern and TTT-Sparse at the
actual keep ratio budget. We find that the orig-
inal attention pattern misses the gold-evidence
chunk in only 1.8%, while TTT-Sparse recovers
51.4% of the gold chunks the original attention
pattern misses, i.e., the proposed method corrects
the frozen model’s relevance estimation rather than
inheriting it. This gain comes from the contextual
chunk key states: replacing uniform averaging of
token key states with an aggregation weighted by
intra-document and observation-conditioned impor-
tance scores helps recover gold-evidence chunks
missed by the original attention pattern.

Analysis of using pre-RoPE states. Since RoPE
may incorporate relative positional information
into standard attention, post-RoPE chunk scores
may entangle semantic relevance with positional
preference. To quantify this effect, we evaluate
on the RULER NIAH prompts with 32K con-
text length in which the evidence is randomly
distributed across the document and measure the

Method Mean selected position

Post-RoPE 0.642
Pre-RoPE 0.608

Table 17: Mean positions of selected chunks using
pre-RoPE and post-RoPE selection on RULER NIAH
prompts with 32K context length.

Method Avg.

RocketKV 33.80
UNIQUE 33.40
TTT-Sparse 35.39

Table 18: Accuracy (%) on LongBench-v2 using
Qwen3-8B. The best result is shown in bold.

normalized mean position of the selected chunks,
where 0 and 1 denote the beginning and end of
the document, respectively, and 0.5 indicates no
net early/late preference. As shown in Table 17,
using pre-RoPE states reduces the mean selected
position from 0.642 to 0.608, moving it closer to
the position-neutral value of 0.5 and indicating a
weaker late-position preference. This result demon-
strates the effectiveness of pre-RoPE states in miti-
gating positional preference during chunk selection
while improving downstream performance.

Comparison with additional sparse baselines.
We compare with two additional sparse base-
lines (i.e., RocketKV (Behnam et al., 2025) and
UNIQUE (Deng et al., 2026)) on LongBench-v2
of Qwen3-8B. As shown in Table 18, TTT-Sparse
achieves better performance than these baselines.
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