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Abstract

Reinforcement Learning (RL) has emerged as
a critical driver for enhancing the reasoning ca-
pabilities of Large Language Models (LLMs).
While recent advancements have focused on
reward engineering or data synthesis, few stud-
ies exploit the model’s intrinsic representation
characteristics to guide the training process. In
this paper, we first observe the presence of
high-magnitude activations within the query
and key vectors when processing long con-
texts. Drawing inspiration from model quan-
tization—which establishes the criticality of
such high-magnitude activations—and the in-
sight that long-context reasoning inherently ex-
hibits a sparse structure, we hypothesize that
these weights serve as the pivotal drivers for
effective model optimization. Based on this
insight, we propose LongAct, a strategy that
shifts from uniform to saliency-guided sparse
updates. By selectively updating only the
weights associated with these significant acti-
vations, LongAct achieves an approximate 8%
improvement on LongBench v2 and enhances
generalization on the RULER benchmark. Fur-
thermore, our method exhibits remarkable uni-
versality, consistently boosting performance
across diverse RL algorithms such as GRPO
and DAPO. Extensive ablation studies suggest
that focusing on these salient features is key to
unlocking long-context potential.

1 Introduction

Reinforcement Learning (RL) has been proven to
be a catalyst for eliciting the reasoning capabilities
of Large Language Models (LLMs) (Guo et al.,
2025; Team et al., 2025a). This capability is partic-
ularly pivotal in long-context scenarios. Real-world
long-context tasks, such as long-dialogue history
understanding and long structured data analysis,
are characterized not only by their extensive input
lengths but also by the necessity for deep compre-
hension and complex reasoning over the content. In

0- 0-
3- 3- 6
<A I
3 3
Y- 12- 12-
o 15- 6 15- s
18- 18-
< 21- s 21-
o £ 24~ £ 24- -4
- 3 21- 5 21-
5 30- a4 30- =
o T 33- 2 3- — 3
= D 36- — S 36-
T 39- -3 T 39-
Q 22- 42- 2
w 45 - 45 -
Q 48 - -2 48 -
p 51- ) 51- pr—
o 54 — o1 54 - 1
Q 57 57~
o 60 - 60 - —
63—, T ——— = 63 eI ||
01 2 3 4 5 6 7 01 2 3 4 5 6 7
Number of Head Number of Head
0 14 0 12
pv4 H 6-
12 9-
“O_ 12 12- 10
15 15-
s ¥ o
- 8
B T £24-
+ 8 21- -8 F27-
o 30- 8 3pC
+~ T 33- T 33- 6
< @ 36- 6 o 36 -
) T 39- T 39-
" 2%* 4;— 4
3 4 2
8 28 a8
1 51 — —
8‘ 54- -2 54 2
o 57— = 57 —
60 - -_— 60 —_—
L e | 63 -, e

01 2 3 4 5 6 7

Number of Head Number of Head

Figure 1: Visualization of the query/key (Q/K) represen-
tation magnitudes in Qwen3-8B on the RULER bench-
mark (Common Words Extraction subset). We show the
first 8 attention heads and the first 64 dimensions within
each head for clarity. The x-axis denotes the head index
and the y-axis denotes the head dimension.

addition, enhancing long-context understanding is
instrumental for LLM agents in managing extended
trajectories.

Recently, researchers have begun to explore the
application of RL in long-context scenarios (Bai
et al.,, 2025; Zeng et al., 2025). Existing ef-
forts primarily optimize external supervision sig-
nals or training curricula. For instance, some ap-
proaches focus on synthesizing high-quality rea-
soning data (Wang et al., 2025) or employing
granular reward functions to mitigate sparse feed-
back (Anonymous, 2025), while others adopt pro-
gressive context scaling strategies (Wan et al.,
2025). Parallel efforts have even explored mod-
ifying the model architecture itself to handle ex-
tended sequences (QwenTeam, 2025; Team et al.,
2025b). However, these methods effectively treat
the model’s internal computation as a black box.



Previous work (Hao et al., 2024; Deng et al., 2025)
suggests that complex deduction relies on continu-
ous "thought trajectories" within the hidden state
space rather than merely surface-level token gen-
eration. Yet, current long-context RL paradigms
largely overlook the features embedded in these
latent representations.

To bridge this gap, we propose LongAct, a
method that leverages the model’s intrinsic acti-
vation patterns to guide the training process. Our
intuition is grounded in two complementary in-
sights. First, prior studies (Lin et al., 2024; Jin
et al., 2025) demonstrate that hidden dimensions
are not equally important—high-magnitude activa-
tions often encode disproportionately critical infor-
mation compared to the rest. Second, long-context
inherently exhibits a sparse structure, as evidenced
by methods that achieve full-context performance
utilizing only a subset of selected tokens (Xiao
et al., 2024; Zhao et al., 2025). We hypothesize
that this sparsity extends beyond the token level
to the hidden state dimension. As illustrated in
Figure 1, we empirically observe this phenomenon
as sparse, high-magnitude activations within the
query and key vectors. Identifying these activations
as the structural "anchors" for long-context reason-
ing, LongAct adopts a sparse, saliency-guided strat-
egy, selectively updating only the weights linked to
these significant features. This targeted approach
yields an approximate 8% improvement on Long-
Bench v2 (Bai et al., 2025), demonstrating that
focusing on intrinsic saliency is key to unlocking
long-context potential.

LongAct exhibits remarkable universality, en-
hancing generalization on generic long-context
tasks (e.g., RULER and InfiniteBench (Hsieh et al.,
2024; Zhang et al., 2024))—evidenced by a 4%
gain on 128K RULER in Table 2—while consis-
tently boosting performance across a diverse spec-
trum of RL algorithms, including GRPO, DAPO,
and KL-Cov (Shao et al., 2024; Yu et al., 2025b;
Cui et al., 2025) shown in Table 4. Furthermore,
ablation studies indicate that updating weights as-
sociated with high-magnitude activations is critical
for these improvements. Specifically, our strat-
egy achieves an overall score of 36.73 on Long-
Bench v2, significantly outperforming methods that
update low-magnitude (29.82) shown in Table 5.
Finally, case-level analysis in Figure 6 illustrates
that disrupting high-magnitude activations triggers
immediate model collapse (e.g., repetitive loops),
whereas neutralizing low-magnitude counterparts

preserves reasoning coherence.
Our contributions can be summarized as follows:

* We propose LongAct that leverages intrinsic
high-magnitude activations to guide sparse
reinforcement learning.

* We conduct extensive experiments (using
LongBench v2, RULER, etc.) to validate
the effectiveness of LongAct. For instance,
LongAct achieves an improvement of 8% on
LongBench v2.

* We provide in-depth experiments and analysis
to elucidate the efficacy of LongAct, identify-
ing high-magnitude activations is critical for
model reasoning in long-context scenarios.

2 Related work

Reinforcement Learning in Long-context Sce-
nario Reinforcement Learning (RL) is widely used
in tasks such as mathematics (Yu et al., 2025b;
Zheng et al., 2025). Recently, researchers have be-
gun to explore the application of RL in long-context
scenarios. Many researchers modify model archi-
tectures, adopting methods such as linear atten-
tion and sparse attention (QwenTeam, 2025; Team
et al., 2025b,c; Gao et al., 2025) which require
pre-training. Wan et al. (2025) use progressive
context scaling during RL. LongRLVR employs
a carefully designed reward function (Anonymous,
2025). Wang et al. (2025) propose to synthesize
better long-context reasoning data. In contrast to
prior work, our method leverages the model’s inter-
nal mechanisms and is complementary to existing
approaches.

Import Values in Attention Modules Numer-
ous studies have investigated high-magnitude ac-
tivation (Dettmers et al., 2022; Ahmadian et al.,
2023; Guo et al., 2024; Xu et al., 2024). Many
methods have proven effective; more specifi-
cally, Lin et al. (2024) preserve weights related
to high-magnitude activations with high precision
during quantization, while Liu et al. (2024) employ
asymmetric quantization guided by the distribu-
tion of high-magnitude activations in the KV cache.
Several other studies have investigated the impact
of RoPE on model activations (Barbero et al., 2024,
Jin et al., 2025). Departing from previous research,
we analyze how high-magnitude activations influ-
ence performance in long-context reasoning tasks.
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Figure 2: Overview of the LongAct framework. The left panel illustrates the dynamic saliency-guided sparse
update mechanism: distinct high-magnitude activations (Orange/Blue columns) in the projections (e.g., Query/Key)
dynamically map to their corresponding weight rows for sparse updates, while keeping other parameters frozen.
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3 Method

3.1 Preliminary

High-magnitude Activations We focus on the at-
tention layers, which serve as the core components
for context modeling. Let Hg and Hgy denote
the number of attention heads for the query and
key/value branches, respectively.

Let Wy € RHE@xDXdwaa  and Wy €
RHxv*Dxdnue represent the learnable projection
weights, where D is the head dimension. Given an
input hidden state H;, € RB*SXdmael the query
and key activations are computed via linear projec-
tions:

Q=HnWg, K=H,Wy, (1)

where Q € RB*SxHoxD and K €

RB*xSxHrvxD ith B denoting the batch size
and S the sequence length.

To quantify activation patterns, we compute the
£o-norm across the sequence dimension. We define
the global magnitude matrix M as the expectation
over the batch. Since the number of heads may
differ for  and K, we denote their magnitude
matrices as M@ € RHe*xD gnd MK ¢ RExv*D,
respectively. For the query representation (), the
magnitude for head h at feature dimension d is
given by:

A similar calculation applies to K using Hxv
heads. As illustrated in Figure 1, high-magnitude

activations (outliers) consistently appear in spe-
cific dimensions. Following insights from quantiza-
tion (Lin et al., 2024; Jin et al., 2025), we identify
the specific rows in Wg and Wi corresponding to
these outlier dimensions as the critical parameters
for update.

Reinforcement Learning in Long-context Sce-
narios The standard reinforcement learning ob-
jective in language modeling seeks to optimize
an expected reward, regularized by KL diver-
gence. (Schulman et al., 2018):

H}%‘X E:c~D,y~7rg(~|x) [T¢ ($7 y)]
— BDkL [mo(y | @) [| mret(y | )] (3)

where 74(x,y) denotes the reward for output y
given input x from the policy model 7y, and myer
represents the reference model for Dk regulariza-
tion.

Unlike prior works that rely on the parametric
knowledge of the policy model 7y to generate an
output y from a typically short question x, we ex-
tend the formulation by incorporating an additional
long-context c. This requires 7y to first ground rel-
evant information in ¢ before producing reasoning
chains to solve x:

max By ooy (fa.c) 76 (7, ¢, )]

— BDxL [We(y ‘ ,c) H Tref (Y | wvc)] 4

Reinforcement Learning with Variable Reward
(RLVR) significantly enhances the reasoning ca-
pabilities of models. We build our training frame-
work upon Group Relative Policy Optimization



(GRPO) (Shao et al., 2024), which eliminates the
need for an external critic model by normalizing
rewards within a group of outputs. Given a context
c and question z, the old policy mg , generates a
group of G outputs {y;}& |, with rewards {r;}&,.
The optimization objective is formulated as:

lysl
[G Z ‘yz Zmln <pz tAz ,ty

) ﬁDKL]
(5)

where the expectation is over z, ¢ ~ D and {y; } ~
7o (Yi,t|2,C:Yi,<t)

Weold(yi,t\%ayi,«)

probability ratio. Crucially, A;; is the advantage

term derived from group-relative normalization:

clip(pit,1 —e,1+¢)A

Ty Here, p;; = denotes the

old *

- mean({rj}le)

Std({rj}?:1)
Since recent studies have identified the limitations
of naive GRPO (Yu et al., 2025b; Zheng et al.,

2025), we employ DAPO in our implementation
for more stable training.

(6)

3.2 Supervised Fine-tuning (Cold Start)

The first stage of our pipeline is a Supervised
Fine-tuning (SFT) phase, which initializes the base
model with a robust policy prior to reinforcement
learning. In this stage, we optimize the model
parameters 6 by minimizing the standard Cross-
Entropy (CE) loss over the gold reasoning trajecto-
ries:
|yl
~E(y)opger D108 To(ye | 7, y<t),

t=1

(N
where = denotes the input context, y =
(y1,...,yr) represents the target chain-of-thought
sequence, and 7y (y; | x, y<) is the probability of
the ¢-th token given the context and preceding to-
kens. This phase ensures the model adapts to the
specific output format (e.g., enclosing reasoning
processes within <think> tags) required for the
subsequent RL stage.

Lsrr(0) =

3.3 LongAct Training Framework

We propose a sparsity-aware training framework
that dynamically adapts to the model’s intrinsic
activation patterns. Our approach consists of a rule-
based reward mechanism and a saliency-guided
parameter update strategy.

Dynamic Saliency-guided Updates. The core
of LongAct is to restrict gradient updates to the
"load-bearing" parameters identified in the Prelimi-
nary. We focus on the projection weights W and
Wy . Taking the Query as an example (the Key
follows the same logic):

The query projection weight Wy €
RH@xDXdmotel  maps the hidden state to the
concatenated head outputs. Structurally, Wy is
organized by heads, where the r-th row generates
the specific feature dimension for a correspond-
ing head. The mapping from a specific head
h € {0,...,Hg — 1} and its internal dimension
d € {0,...,D — 1} to the global row index j in
W is defined as:

j(h,d)=h-D+d. ®)

At each training step, we utilize the pre-
computed global magnitude matrix M@ ¢ RHexP
(Eq. 2). Instead of a global top-£ selection, we
perform intra-head selection to preserve the multi-
head structure. For each head h, we identify the
subset of critical local dimensions Cj,:

Ky = {d|d€argmax{Mhd, D/ é}, ©)

where & = |AD| is determined by the sparsity
ratio X (e.g., 0.3).

We then define a binary gradient mask G ¢
{0, 1}H@xDxdmoael for the weight matrix Wg. A
row r in Wy is trainable if and only if it corre-
sponds to a selected high-magnitude feature in its
respective head:

GY =

T,

) (10)
0 otherwise

{1 ifr € {j(h,d) | Yh,d € K}
where 1 and O denote row vectors of size dpmodel-
We provide an example in Appendix A.

During backward propagation, we apply these
masks to the gradients:

VWk « VWi ©GK.

(11
The computational overhead of generating the dy-
namic mask is negligible. The saliency calculation
using Equation (2) and Top-k selection are per-
formed on the collapsed head-dimension tensors
(H x D), not the full sequence, rendering the cost
minimal compared to the full forward-backward
pass.

ViWg + VIWo®G@,



It is important to emphasize that the sparse
mask is applied only to the gradients of W and
Wik during training. All other parameters (i.e.,
Wy, Wo, and MLP layers) receive standard full
updates. Detailed visualizations of these activation
distributions are provided in Figures 3 to 5.During
inference, the mask is discarded, and the model
operates as a standard dense Transformer with zero
additional latency or architectural modifications.

Reward Formulation. We employ a rule-based
reward function r(y) composed of a format reward
and an answer reward:

T(y) = Tfmt(y) + rans(y)- (12)
Specifically, ruy(y) is set to 1 if the response y
contains the tags <think>, </think>, <answer>,
and </answer>, and 0 otherwise. () is set to
1 if the answer matches the ground truth, and O
otherwise.

4 Experimental Results

4.1 SetUp

Training Setting We use Qwen3-8B-Base ! as
backbone. All experiments are conducted on 8
NVIDIA H800 80GB GPUs.

* Supervised Fine-tuning We conduct our
training using LLaMA-Factory 2.  For
the cold-start phase, we utilize 20k open-
source instruction-following samples from
AM-DeepSeek-R1-0528-Distilled * and we
employ a cosine learning rate scheduler with
a peak rate of 2e-5 and a warmup ratio of
0.03. We set the maximum sequence length
to 16,384, with sequence packing and training
for 900 steps.

+ Reinforcement Learning We use verl # for
RL and use DAPO (Yu et al., 2025b). We cu-
rate a training dataset by mixing DocQA-RL-
1.6K ° and randomly 1K samples from MemA-
gent (Yu et al., 2025a). We set the learning
rate to le-6, with a maximum sequence length
of 32,768, a batch size of 8, a rollout number
of 16, a temperature of 1.0, and a maximum

"https://huggingface.co/Qwen/Quen3-8B-Base
2https://github.com/hiyouga/LLaMA—Factory
3https://huggingface.co/datasets/a—m—team/
AM-DeepSeek-R1-0528-Distilled
4https://github.com/volcengine/verl
5https://huggingface.co/datasets/
Tongyi-Zhiwen/DocQA-RL-1.6K

output length of 4096 for sampling. Unless
otherwise specified, we set the default spar-
sity ratio A for LongAct to 0.3 (i.e., updating
only the top 30% of high-magnitude weights)
based on our ablation studies.

Evaluation Setting We employ a comprehen-
sive suite of long-context benchmarks to rigorously
evaluate model performance:

* LongBench v2 (Bai et al., 2025): A chal-
lenging benchmark focused on realistic long-
context deeper understanding. It employs a
multiple-choice question format to facilitate
rigorous and objective evaluation.

 RULER (Hsieh et al., 2024): A benchmark
designed to evaluate the effective context win-
dow size through diverse synthetic tasks.

* InfiniteBench (Zhang et al., 2024): A dataset
targeting diverse long-context capabilities,
covering heterogeneous tasks such as retrieval
(Re.Pa, Re.Nu), summarization (En.Sum), QA
(En.QA, Zh.QA), and multi-choice reasoning
(En.MO).

For inference, we utilize VLLM © with a decoding
temperature of 1.0. All evaluations are conducted
using official scripts with a fixed random seed of 0
to ensure reproducibility.

Baselines We conduct comparisons using
the Qwen3 family at both 4B and 8B scales.
The baselines include: (1) the officially re-
leased Qwen3-Base models; (2) our reproduced
Qwen3-SFT models obtained from the Cold Start
phase; and (3) the Qwen3-SFT w/ DAPO variants,
which undergo standard full-parameter RL training.

4.2 Main Results

Results on LongBench v2. Table 1 summarizes
our LongBench v2 results. Overall, Qwen3-8B-SFT
w/ LongAct achieves the best performance at
36.73, improving by +3.93 over Qwen3-8B-SFT
w/ DAPO (32.80) and +9.69 over the cold-start
Qwen3-8B-SFT model (27.04). Notably, our
method also outperforms the officially released
Qwen3-8B* by +3.13 (33.60 — 36.73), indicating
that LongAct provides gains beyond standard post-
training recipes. We observe a consistent trend on
the smaller model: Qwen3-4B-SFT w/ LongAct
reaches 34.24, yielding +3.82 over Qwen3-4B-SFT

®https://github.com/vllm-project/vllm
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‘ ‘ Difficulty ‘ Length
Model | Overall | Easy Hard | Short Medium Long
Qwen3-8Bx* 33.60 |39.58 29.90 | 39.44 2837 34.26
Qwen3-8B-Base 20.68 | 1927 21.54 | 2833 17.67 13.89
Qwen3-8B-SFT 27.04 | 28.65 26.05 | 3222 24.65 23.15
Qwen3-8B-SFT w/ DAPO 32.80 | 40.10 2830 | 38.33 2837 3241
Qwen3-8B-SFT w/ LongAct 36.73 | 38.02 3593 | 41.94 3337 34.72
Qwen3-4Bx 3141 | 3490 2926 | 3556 27.91 31.48
Qwen3-4B-Base 17.10 | 19.79 1543 | 21.11 1349 17.59
Qwen3-4B-SFT 2565 | 21.35 2830 | 3333 2233 1944
Qwen3-4B-SFT w/ DAPO 3042 |28.12 31.83 | 3333 3116 24.07
Qwen3-4B-SFT w/ LongAct 34.24 | 33.07 3497 | 37.92 31.63 33.33

Table 1: Evaluation results (%) on LongBench v2.

Qwen3-8B* and Qwen3-4B* are officially released models

available on HuggingFace. Short, Medium, and Long refer to length ranges of <32k, 32-128k, and >128k,
respectively. The evaluation is conducted using the official code, and we have set the random seed to O to ensure

reproducibility.

Model Ruler-128k Ruler-64k

ode NIAH-sub NIAH VT QA Avg | NIAH-sub NIAH VT QA Avg
Qwen3-8B-Base 30.63 51.88 47.68 17.60 36.95 37.93 61.76 28.08 39.70 41.87
Qwen3-8B-SFT 33.57 61.64 5196 30.50 44.42 41.85 62.96 31.00 38.80 43.65
Qwen3-8B-SFT w/ DAPO 33.92 57.64 76.56 30.40 49.63 41.98 66.13 3252 4040 45.26
Qwen3-8B-SFT w/ LongAct 34.55 63.70 7524 31.10 51.15 45.97 69.64 3496 3490 46.37
Qwen3-4B-Base 22.23 46.74 45.64 14.00 32.15 42.72 60.55 5640 1930 44.74
Qwen3-4B-SFT 26.60 53.02 91.44 2720 49.57 40.92 66.20 90.92 20.20 54.56
Qwen3-4B-SFT w/ DAPO 31.08 54.57 90.48 28.70 51.21 42.60 67.74 9496 3090 59.05
Qwen3-4B-SFT w/ LongAct 31.50 56.29 90.64 32.10 52.63 44.70 69.68 9452 36.30 61.30

Table 2: Evaluation results (%) on Ruler-128K and Ruler-64K. NIAH-sub is derived from the multi-key level 2,

multi-key level 3 and multi-value tasks from NIAH.

w/ DAPO (30.42) and surpassing Qwen3-4B* by
+2.83 (31.41 — 34.24). These results suggest that
our approach scales robustly across model sizes.

Difficulty Breakdown. LongAct excels on hard
instances, which are highly sensitive to error ac-
cumulation. On the 8B model, it achieves 35.93,
substantially surpassing SFT w/ DAPO (+7.63) and
SFT (+9.88). Similarly, the 4B model reaches 34.97,
outperforming all baselines. While DAPO performs
well on easy splits, LongAct offers a more balanced
profile, significantly lifting performance on hard
tasks without compromising overall capability.

Length Breakdown. We further analyze robust-
ness across input lengths. LongAct achieves the
best results across short/medium/long categories.
For 8B model, LongAct attains 41.94 (Short), 33.37
(Medium), and 34.72 (Long), with particularly
strong gains compared to SFT w/ DAPO across
input lengths (38.33 — 41.94 (+3.61), 28.37 —

33.37 (+5.00), 32.41 — 34.72 (+2.31) for Short,
Medium and Long respectively). On 4B model,
LongAct significantly improves the long split to
33.33, which is +9.26 over SFT w/ DAPO (24.07)
and +1.85 over Qwen3-4Bx (31.48). These improve-
ments indicate that LongAct enhances stability as
context length increases, rather than overfitting to
shorter-context behaviors.

4.3 Ablation on More Long-context
Benchmarks

Results on RULER-128K and RULER-64K.
Table 2 reports ablations on RULER under
two context lengths (128K and 64K). Overall,
LongAct consistently improves long-context per-
formance across both model sizes. For 8B model,
Qwen3-8B-SFT w/ LongAct achieves the best av-
erage score on RULER-128K (51.15), improving
over Qwen3-8B-SFT (44.42) and Qwen3-8B-SFT w/
DAPO (49.63) by +6.73 and +1.52, respectively. On



Methods Re.Pa Re.Nu EnSum En.QA Zh.QA EnMC ‘ Avg,
Qwen3-8B-SFT 85.76  86.44 14.18 25.09 14.47 54.15 | 46.68
Qwen3-8B-SFT w/ DAPO 8593 83.56 11.86 2745 23.54 56.33 | 48.11
Qwen3-8B-SFT w/ LongAct | 86.44 85.76 15.83 27.33 21.61 59.39 | 49.39
Qwen3-4B-SFT 86.78 83.44 12.76 12.68 9.65 53.28 | 43.10
Qwen3-4B-SFT w/ DAPO 87.63 84.75 17.78 14.83 10.39 54.59 | 44.99
Qwen3-4B-SFT w/ LongAct | 86.61  86.95 15.57 21.06 11.61 56.33 | 46.36
Table 3: Evaluation results (%) on InfiniteBench.
| | Difficulty | Length

Model ‘ Overall ‘ Easy Hard ‘ Short Medium Long

Qwen3-8B-SFT 27.04 | 28.65 26.05 | 32.22 24.65 23.15

+ DAPO 36.73 | 38.02 35.93 | 41.94 33.37 34.72

+ GRPO 35.04 | 41.15 31.27 | 37.92 36.05 28.24

+ CLIP-conv 35.04 | 40.76 31.51 | 37.08 34.42 32.87

+ KL-conv 3424 | 37.37 32.32 | 40.00 32.44 2824

Qwen3-4B-SFT 25.65 | 21.35 28.30 | 33.33 22.33 19.44

+ DAPO 3424 | 33.07 3497 | 37.92 31.63 33.33

+ GRPO 3345 | 34.64 32.72 | 37.64 28.49 36.34

+ CLIP-conv 32.11 | 32.55 31.83 | 33.06 30.00 34.72

+ KL-conv 33.90 | 32.03 35.05 | 32.92 33.02 37.27

Table 4: Evaluation results (%) on LongBench v2 under different RL algorithms.

RULER-64K, LongAct also yields the highest per-
formance with an average of 46.37, outperform-
ing Qwen3-8B-SFT (43.65) and Qwen3-8B-SFT w/
DAPO (45.26). We observe the same trend for the
4B model, where LongAct delivers the best overall
averages at both 128K and 64K, suggesting that the
gains are robust and scale across model sizes.

Results on InfiniteBench. Table 3 summarizes
results on InfiniteBench. LongAct achieves the
best average performance for both model sizes.
For 8B, Qwen3-8B-SFT w/ LongAct attains
the highest average score (49.39), improving
over Qwen3-8B-SFT (46.68) by +2.71 and over
Qwen3-8B-SFT w/ DAPO (48.11) by +1.28. The
gains are driven by consistent improvements on
En.Sum (14.18 — 15.83) and En.MC (54.15 —
59.39), while remaining competitive on retrieval
and QA tasks (e.g., Re.Pa: 85.76 — 86.44). For 4B,
Qwen3-4B-SFT w/ LongAct also yields the best
average (46.36), outperforming Qwen3-4B-SFT
(43.10) and Qwen3-4B-SFT w/ DAPO (44.99) by
+3.26 and +1.37, respectively. Notably, LongAct
substantially boosts long-context QA for smaller

models (En.QA: 12.68 — 21.06; Zh.QA: 9.65
— 11.61) and improves En.MC (53.28 — 56.33).
Overall, these results indicate that LongAct pro-
vides consistent and general improvements across
heterogeneous long-context tasks.

4.4 Ablation on More Reinforcement
Learning Methods

Table 4 evaluates our training recipe under different
RL algorithms on top of the cold-start SFT mod-
els. Across both 4B and 8B models, applying RL
consistently improves long-context performance,
and our method maintains stable gains under all RL
algorithms, including DAPO, GRPO, CLIP-conv, and
KL-conv on LongBench v2. Among them, DAPO
achieves the best overall results on both 8B and 4B
and yields the most balanced improvements across
difficulty and length splits, while other algorithms
remain competitive but exhibit stronger trade-offs
(e.g., favoring easier or medium-length subsets over
the longest-context subset). These results suggest
that the effectiveness of our method does not rely
on a particular RL algorithm and is generalizable.
Unless otherwise specified, we adopt DAPO as the



‘ ‘ Difficulty ‘ Length
Model | Overall | Easy Hard | Short Medium Long
Qwen3-8B-SFT 27.04 | 28.65 26.05 | 32.22 24.65 23.15
+ random 28.63 30.21 27.65 | 28.33 30.70 25.00
+ min values 29.82 32.81 27.97 | 35.00 26.98 26.85
+ massive values 36.73 | 38.02 3593 | 41.94 33.37 34.72
Qwen3-4B-SFT 27.04 | 28.65 26.05 | 32.22 24.65 23.15
+ random 29.03 30.21 28.30 | 30.00 28.84 27.78
+ min values 30.22 | 23.96 34.08 | 27.78 31.16 32.41
+ massive values 34.24 33.07 34.97 | 37.92 31.63 33.33

Table 5: Evaluation results (%) on LongBench v2. Ablation on activation selection strategies.

default in subsequent experiments.

4.5 Ablation on Selecting Activations

Table 5 evaluates different activation selection
strategies during training. Across both backbones,
selecting massive values consistently yields the
best performance, delivering large gains over the
SFT baseline and clearly outperforming random
selection and min values. In contrast, random
and min values provide only modest improvements
and are less consistent across difficulty and length
splits. These results suggest that focusing updates
on salient (high-magnitude) activations is crucial
for effectively improving long-context capability.

4.6 Ablation on the Sparsity in RL Parameter
Updates

Table 6 studies how the update sparsity (i.e., the
percentage of selected massive values) affects per-
formance. We observe that using a moderate spar-
sity consistently yields the best overall results. For
both 8B and 4B backbones, selecting 30% massive
values achieves the highest overall score and the
most balanced improvements across difficulty and
length splits, especially on the Hard and Long sub-
sets. Increasing the ratio to 40% does not further
improve overall performance and can introduce re-
gressions on some partitions, suggesting that overly
dense updates may weaken the benefit of targeting
the most salient parameters. Unless otherwise spec-
ified, we set the default sparsity ratio to 30% in
subsequent experiments.

5 Analysis

To investigate the underlying mechanism of long-
context capabilities, we conduct a perturbation anal-
ysis on Qwen3-8B using real-world cases from

LongBench v2. As illustrated in Figure 6, to be spe-
cific, we isolate the impact of activation magnitude
by selectively disrupting the top 30% ("Qwen3-8B
w/o High-magnitude Activations") versus the bot-
tom 30% ("Qwen3-8B w/o Non High-magnitude
Activations") of activations. Specifically, the se-
lected activations are clamped to the global mean
value, calculated by averaging the entire query (or
key) tensor across all heads, sequence lengths, and
feature dimensions.

Comparing these responses, we observe that
"Qwen3-8B w/o Non High-magnitude Activations"
retains its logical coherence. As shown in Fig-
ure 6, the generated CoT maintains a structured
flow—correctly utilizing logical connectors like
"Alternatively" and "However"—and successfully
derives the correct answer. This suggests that the
core reasoning process is less dependent on these
“quiet” activations. Conversely, disrupting the top
30% of high-magnitude activations leads to imme-
diate model collapse. The output degrades into
repetitive loops (e.g., the "3333..." pattern visible
in Figure 6).

The stark contrast between these outcomes un-
derscores that high-magnitude activations are piv-
otal for maintaining reasoning in long-context sce-
narios. This observation corroborates prior find-
ings (Lin et al., 2024; Liu et al., 2024; Jin et al.,
2025). Crucially, our empirical results extend this
insight, demonstrating that leveraging these critical
activations to guide the training process is highly
effective for enhancing long-context capabilities.

6 Conclusion

We propose LongAct, a robust method that lever-
ages the model’s internal representations to en-
hance long-context reasoning.



Limitations

Limited by computing resources, we could not use
larger models for reinforcement learning. We will
explore the scaling effects of our approach in future
work.
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A Appendix

Illustrative Example. To clarify the indexing
mechanism, consider a simplified configuration
with H 2 heads, head dimension D = 4,
and a selection ratio A = 0.3, resulting in £ =
|0.3 x 4| = 1 active dimension per head. Suppose
the computed importance scores for the two heads
are:

M, = [0.8,0.2,0.9,0.5]
M, = [0.3,0.7,0.6,0.4]

—  idxg =2

— idx; =1

The system then maps these local head indices to
the global row indices of the projection weight
W € RUD)xdin;

* Head 0: Global Row gg =0 x4+ 2 = 2.
* Head 1: Global Row g; =1 x4+ 1 =5.

Consequently, only rows {2,5} of W (2 out of
8 total rows) are updated, while the rest remain
frozen.
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Figure 3: Visualization of the query representation magnitudes in Qwen3-8B on the RULER benchmark.
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Figure 4: Visualization of the key representation magnitudes in Qwen3-8B on the RULER benchmark.
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‘ ‘ Difficulty ‘ Length

Model | Overall | Easy Hard | Short Medium Long
Qwen3-8B-SFT 27.04 | 28.65 26.05 | 32.22 24.65 23.15
+ 20% massive values 32.41 39.06 28.30 | 39.44 30.23 25.00
+ 30% massive values 36.73 38.02 3593 | 4194 33.37 34.72
+ 40% massive values 35.98 40.62 33.12 | 38.33 34.88 34.26
Qwen3-4B-SFT 27.04 | 28.65 26.05 | 32.22 24.65 23.15
+ 20% massive values 30.42 30.21 30.55 | 29.44 30.23 3241
+ 30% massive values 34.24 | 33.07 3497 | 37.92 31.63 33.33
+ 40% massive values 32.80 31.77 3344 | 4111 2837 27.78

Table 6: Ablation on sparsity (percentage of selected massive values). Results are reported in %. Bold indicates the
best value within each model (8B / 4B) for each column.

& Question: Which of the following suggestions for the new year’s initiatives is correct?

&3 Qwen3-8B:

<think>\nOkay, let’s tackle this question. The user is asking which of the given choices ...... \n\n
First, I need to recall. ..... but the option says looseness, which could be incorrect. Therefore, the
correct answer should be D.\n</think>\n\nThe correct answer is (D).

%3 Qwen3-8B w/o Non High-magnitude Activations:

<think>\nOkay, let’s tackle this question. The user provided a text...... \n\nFirst, I need to
understand. ... .. \n\nAlternatively, the mention of coordination...... However, the original text
doesn’t...... So option D could be correct\n</think>\n\nThe correct answer is (D).

%2 Qwen3-8B w/o High-magnitude Activations:
333333. . . . .. 3333333333333

Figure 6: This is an example taken from the LongBench v2 dataset with the ID 66ec41d3821e116aacb1c874,
whose ground truth is D. The context is too long to be displayed in the image. "Qwen3-8B w/o High-magnitude
Activations" refers to disrupting the top 30% of high-magnitude activations, while "Qwen3-8B w/o Non High-
magnitude Activations" refers to disrupting the smallest 30% of activations. Numerous cases in LongBench v2
exhibit similar patterns.

Setting | Correct/ Total
Qwen3-8B 173 /503
Qwen3-8B w/o Non High-magnitude Activations 108 /503
Qwen3-8B w/o High-magnitude Activations 0/503

Table 7: Accuracy of Qwen3-8B on LongBench v2. We
clamp selected activations to the global mean and report
the number of correct predictions.
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