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Abstract001

Reinforcement Learning (RL) has emerged as002
a critical driver for enhancing the reasoning ca-003
pabilities of Large Language Models (LLMs).004
While recent advancements have focused on005
reward engineering or data synthesis, few stud-006
ies exploit the model’s intrinsic representation007
characteristics to guide the training process. In008
this paper, we first observe the presence of009
high-magnitude activations within the query010
and key vectors when processing long con-011
texts. Drawing inspiration from model quan-012
tization—which establishes the criticality of013
such high-magnitude activations—and the in-014
sight that long-context reasoning inherently ex-015
hibits a sparse structure, we hypothesize that016
these weights serve as the pivotal drivers for017
effective model optimization. Based on this018
insight, we propose LongAct, a strategy that019
shifts from uniform to saliency-guided sparse020
updates. By selectively updating only the021
weights associated with these significant acti-022
vations, LongAct achieves an approximate 8%023
improvement on LongBench v2 and enhances024
generalization on the RULER benchmark. Fur-025
thermore, our method exhibits remarkable uni-026
versality, consistently boosting performance027
across diverse RL algorithms such as GRPO028
and DAPO. Extensive ablation studies suggest029
that focusing on these salient features is key to030
unlocking long-context potential.031

1 Introduction032

Reinforcement Learning (RL) has been proven to033

be a catalyst for eliciting the reasoning capabilities034

of Large Language Models (LLMs) (Guo et al.,035

2025; Team et al., 2025a). This capability is partic-036

ularly pivotal in long-context scenarios. Real-world037

long-context tasks, such as long-dialogue history038

understanding and long structured data analysis,039

are characterized not only by their extensive input040

lengths but also by the necessity for deep compre-041

hension and complex reasoning over the content. In042
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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 043

instrumental for LLM agents in managing extended 044

trajectories. 045

Recently, researchers have begun to explore the 046

application of RL in long-context scenarios (Bai 047

et al., 2025; Zeng et al., 2025). Existing ef- 048

forts primarily optimize external supervision sig- 049

nals or training curricula. For instance, some ap- 050

proaches focus on synthesizing high-quality rea- 051

soning data (Wang et al., 2025) or employing 052

granular reward functions to mitigate sparse feed- 053

back (Anonymous, 2025), while others adopt pro- 054

gressive context scaling strategies (Wan et al., 055

2025). Parallel efforts have even explored mod- 056

ifying the model architecture itself to handle ex- 057

tended sequences (QwenTeam, 2025; Team et al., 058

2025b). However, these methods effectively treat 059

the model’s internal computation as a black box. 060
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Previous work (Hao et al., 2024; Deng et al., 2025)061

suggests that complex deduction relies on continu-062

ous "thought trajectories" within the hidden state063

space rather than merely surface-level token gen-064

eration. Yet, current long-context RL paradigms065

largely overlook the features embedded in these066

latent representations.067

To bridge this gap, we propose LongAct, a068

method that leverages the model’s intrinsic acti-069

vation patterns to guide the training process. Our070

intuition is grounded in two complementary in-071

sights. First, prior studies (Lin et al., 2024; Jin072

et al., 2025) demonstrate that hidden dimensions073

are not equally important—high-magnitude activa-074

tions often encode disproportionately critical infor-075

mation compared to the rest. Second, long-context076

inherently exhibits a sparse structure, as evidenced077

by methods that achieve full-context performance078

utilizing only a subset of selected tokens (Xiao079

et al., 2024; Zhao et al., 2025). We hypothesize080

that this sparsity extends beyond the token level081

to the hidden state dimension. As illustrated in082

Figure 1, we empirically observe this phenomenon083

as sparse, high-magnitude activations within the084

query and key vectors. Identifying these activations085

as the structural "anchors" for long-context reason-086

ing, LongAct adopts a sparse, saliency-guided strat-087

egy, selectively updating only the weights linked to088

these significant features. This targeted approach089

yields an approximate 8% improvement on Long-090

Bench v2 (Bai et al., 2025), demonstrating that091

focusing on intrinsic saliency is key to unlocking092

long-context potential.093

LongAct exhibits remarkable universality, en-094

hancing generalization on generic long-context095

tasks (e.g., RULER and InfiniteBench (Hsieh et al.,096

2024; Zhang et al., 2024))—evidenced by a 4%097

gain on 128K RULER in Table 2—while consis-098

tently boosting performance across a diverse spec-099

trum of RL algorithms, including GRPO, DAPO,100

and KL-Cov (Shao et al., 2024; Yu et al., 2025b;101

Cui et al., 2025) shown in Table 4. Furthermore,102

ablation studies indicate that updating weights as-103

sociated with high-magnitude activations is critical104

for these improvements. Specifically, our strat-105

egy achieves an overall score of 36.73 on Long-106

Bench v2, significantly outperforming methods that107

update low-magnitude (29.82) shown in Table 5.108

Finally, case-level analysis in Figure 6 illustrates109

that disrupting high-magnitude activations triggers110

immediate model collapse (e.g., repetitive loops),111

whereas neutralizing low-magnitude counterparts112

preserves reasoning coherence. 113

Our contributions can be summarized as follows: 114

• We propose LongAct that leverages intrinsic 115

high-magnitude activations to guide sparse 116

reinforcement learning. 117

• We conduct extensive experiments (using 118

LongBench v2, RULER, etc.) to validate 119

the effectiveness of LongAct. For instance, 120

LongAct achieves an improvement of 8% on 121

LongBench v2. 122

• We provide in-depth experiments and analysis 123

to elucidate the efficacy of LongAct, identify- 124

ing high-magnitude activations is critical for 125

model reasoning in long-context scenarios. 126

2 Related work 127

Reinforcement Learning in Long-context Sce- 128

nario Reinforcement Learning (RL) is widely used 129

in tasks such as mathematics (Yu et al., 2025b; 130

Zheng et al., 2025). Recently, researchers have be- 131

gun to explore the application of RL in long-context 132

scenarios. Many researchers modify model archi- 133

tectures, adopting methods such as linear atten- 134

tion and sparse attention (QwenTeam, 2025; Team 135

et al., 2025b,c; Gao et al., 2025) which require 136

pre-training. Wan et al. (2025) use progressive 137

context scaling during RL. LongRLVR employs 138

a carefully designed reward function (Anonymous, 139

2025). Wang et al. (2025) propose to synthesize 140

better long-context reasoning data. In contrast to 141

prior work, our method leverages the model’s inter- 142

nal mechanisms and is complementary to existing 143

approaches. 144

Import Values in Attention Modules Numer- 145

ous studies have investigated high-magnitude ac- 146

tivation (Dettmers et al., 2022; Ahmadian et al., 147

2023; Guo et al., 2024; Xu et al., 2024). Many 148

methods have proven effective; more specifi- 149

cally, Lin et al. (2024) preserve weights related 150

to high-magnitude activations with high precision 151

during quantization, while Liu et al. (2024) employ 152

asymmetric quantization guided by the distribu- 153

tion of high-magnitude activations in the KV cache. 154

Several other studies have investigated the impact 155

of RoPE on model activations (Barbero et al., 2024; 156

Jin et al., 2025). Departing from previous research, 157

we analyze how high-magnitude activations influ- 158

ence performance in long-context reasoning tasks. 159
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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.
Given the projection weight shape W ∈ Rdout×din , high-magnitude outliers in the activation output channels
(columns) correspond directly to specific rows in W. The right panel depicts the standard group-based policy
optimization loop.

3 Method160

3.1 Preliminary161

High-magnitude Activations We focus on the at-162

tention layers, which serve as the core components163

for context modeling. Let HQ and HKV denote164

the number of attention heads for the query and165

key/value branches, respectively.166

Let WQ ∈ RHQ×D×dmodel , and WK ∈167

RHKV ×D×dmodel represent the learnable projection168

weights, where D is the head dimension. Given an169

input hidden state Hin ∈ RB×S×dmodel , the query170

and key activations are computed via linear projec-171

tions:172

Q = HinW
⊤
Q , K = HinW

⊤
K , (1)173

where Q ∈ RB×S×HQ×D and K ∈174

RB×S×HKV ×D, with B denoting the batch size175

and S the sequence length.176

To quantify activation patterns, we compute the177

ℓ2-norm across the sequence dimension. We define178

the global magnitude matrix M as the expectation179

over the batch. Since the number of heads may180

differ for Q and K, we denote their magnitude181

matrices as MQ ∈ RHQ×D and MK ∈ RHKV ×D,182

respectively. For the query representation Q, the183

magnitude for head h at feature dimension d is184

given by:185

MQ
h,d =

1

B

B∑
i=1

√√√√ S∑
s=1

(Q
(i)
s,h,d)

2. (2)186

A similar calculation applies to K using HKV187

heads. As illustrated in Figure 1, high-magnitude188

activations (outliers) consistently appear in spe- 189

cific dimensions. Following insights from quantiza- 190

tion (Lin et al., 2024; Jin et al., 2025), we identify 191

the specific rows in WQ and WK corresponding to 192

these outlier dimensions as the critical parameters 193

for update. 194

Reinforcement Learning in Long-context Sce- 195

narios The standard reinforcement learning ob- 196

jective in language modeling seeks to optimize 197

an expected reward, regularized by KL diver- 198

gence. (Schulman et al., 2018): 199
200

max
πθ

Ex∼D,y∼πθ(·|x) [rϕ(x, y)] 201

− βDKL [πθ(y | x) ∥πref(y | x)] (3) 202

where rϕ(x, y) denotes the reward for output y 203

given input x from the policy model πθ, and πref 204

represents the reference model for DKL regulariza- 205

tion. 206

Unlike prior works that rely on the parametric 207

knowledge of the policy model πθ to generate an 208

output y from a typically short question x, we ex- 209

tend the formulation by incorporating an additional 210

long-context c. This requires πθ to first ground rel- 211

evant information in c before producing reasoning 212

chains to solve x: 213
214

max
πθ

Ex,c∼D,y∼πθ(·|x,c) [rϕ(x, c, y)] 215

− βDKL [πθ(y | x, c) ∥πref(y | x, c)] (4) 216

Reinforcement Learning with Variable Reward 217

(RLVR) significantly enhances the reasoning ca- 218

pabilities of models. We build our training frame- 219

work upon Group Relative Policy Optimization 220
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(GRPO) (Shao et al., 2024), which eliminates the221

need for an external critic model by normalizing222

rewards within a group of outputs. Given a context223

c and question x, the old policy πθold generates a224

group of G outputs {yi}Gi=1, with rewards {ri}Gi=1.225

The optimization objective is formulated as:226

J (θ) = E

[
1

G

G∑
i=1

1

|yi|

|yi|∑
t=1

min
(
ρi,tAi,t,

clip (ρi,t, 1− ε, 1 + ε)Ai,t

)
− βDKL

]
(5)227

where the expectation is over x, c ∼ D and {yi} ∼228

πθold . Here, ρi,t =
πθ(yi,t|x,c,yi,<t)
πθold (yi,t|x,c,yi,<t)

denotes the229

probability ratio. Crucially, Ai,t is the advantage230

term derived from group-relative normalization:231

Ai =
ri −mean({rj}Gj=1)

std({rj}Gj=1)
(6)232

Since recent studies have identified the limitations233

of naive GRPO (Yu et al., 2025b; Zheng et al.,234

2025), we employ DAPO in our implementation235

for more stable training.236

3.2 Supervised Fine-tuning (Cold Start)237

The first stage of our pipeline is a Supervised238

Fine-tuning (SFT) phase, which initializes the base239

model with a robust policy prior to reinforcement240

learning. In this stage, we optimize the model241

parameters θ by minimizing the standard Cross-242

Entropy (CE) loss over the gold reasoning trajecto-243

ries:244

LSFT(θ) = −E(x,y)∼DSFT

|y|∑
t=1

log πθ(yt | x, y<t),

(7)245

where x denotes the input context, y =246

(y1, . . . , yT ) represents the target chain-of-thought247

sequence, and πθ(yt | x, y<t) is the probability of248

the t-th token given the context and preceding to-249

kens. This phase ensures the model adapts to the250

specific output format (e.g., enclosing reasoning251

processes within <think> tags) required for the252

subsequent RL stage.253

3.3 LongAct Training Framework254

We propose a sparsity-aware training framework255

that dynamically adapts to the model’s intrinsic256

activation patterns. Our approach consists of a rule-257

based reward mechanism and a saliency-guided258

parameter update strategy.259

Dynamic Saliency-guided Updates. The core 260

of LongAct is to restrict gradient updates to the 261

"load-bearing" parameters identified in the Prelimi- 262

nary. We focus on the projection weights WQ and 263

WK . Taking the Query as an example (the Key 264

follows the same logic): 265

The query projection weight WQ ∈ 266

RHQ×D×dmodel maps the hidden state to the 267

concatenated head outputs. Structurally, WQ is 268

organized by heads, where the r-th row generates 269

the specific feature dimension for a correspond- 270

ing head. The mapping from a specific head 271

h ∈ {0, . . . ,HQ − 1} and its internal dimension 272

d ∈ {0, . . . , D − 1} to the global row index j in 273

WQ is defined as: 274

j(h, d) = h ·D + d. (8) 275

At each training step, we utilize the pre- 276

computed global magnitude matrix MQ ∈ RHQ×D 277

(Eq. 2). Instead of a global top-k selection, we 278

perform intra-head selection to preserve the multi- 279

head structure. For each head h, we identify the 280

subset of critical local dimensions Kh: 281

Kh =

{
d | d ∈ argmax

k
{MQ

h,d′}
D−1
d′=0

}
, (9) 282

where k = ⌊λD⌋ is determined by the sparsity 283

ratio λ (e.g., 0.3). 284

We then define a binary gradient mask GQ ∈ 285

{0, 1}HQ×D×dmodel for the weight matrix WQ. A 286

row r in WQ is trainable if and only if it corre- 287

sponds to a selected high-magnitude feature in its 288

respective head: 289

GQ
r,: =

{
1 if r ∈ {j(h, d) | ∀h, d ∈ Kh}
0 otherwise

(10) 290

where 1 and 0 denote row vectors of size dmodel. 291

We provide an example in Appendix A. 292

During backward propagation, we apply these 293

masks to the gradients: 294

∇WQ ← ∇WQ⊙GQ, ∇WK ← ∇WK⊙GK .
(11) 295

The computational overhead of generating the dy- 296

namic mask is negligible. The saliency calculation 297

using Equation (2) and Top-k selection are per- 298

formed on the collapsed head-dimension tensors 299

(H ×D), not the full sequence, rendering the cost 300

minimal compared to the full forward-backward 301

pass. 302
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It is important to emphasize that the sparse303

mask is applied only to the gradients of WQ and304

WK during training. All other parameters (i.e.,305

WV ,WO, and MLP layers) receive standard full306

updates. Detailed visualizations of these activation307

distributions are provided in Figures 3 to 5.During308

inference, the mask is discarded, and the model309

operates as a standard dense Transformer with zero310

additional latency or architectural modifications.311

Reward Formulation. We employ a rule-based312

reward function r(y) composed of a format reward313

and an answer reward:314

r(y) = rfmt(y) + rans(y). (12)315

Specifically, rfmt(y) is set to 1 if the response y316

contains the tags <think>, </think>, <answer>,317

and </answer>, and 0 otherwise. rans(y) is set to318

1 if the answer matches the ground truth, and 0319

otherwise.320

4 Experimental Results321

4.1 Set Up322

Training Setting We use Qwen3-8B-Base 1 as323

backbone. All experiments are conducted on 8324

NVIDIA H800 80GB GPUs.325

• Supervised Fine-tuning We conduct our326

training using LLaMA-Factory 2. For327

the cold-start phase, we utilize 20k open-328

source instruction-following samples from329

AM-DeepSeek-R1-0528-Distilled 3 and we330

employ a cosine learning rate scheduler with331

a peak rate of 2e-5 and a warmup ratio of332

0.03. We set the maximum sequence length333

to 16,384, with sequence packing and training334

for 900 steps.335

• Reinforcement Learning We use verl 4 for336

RL and use DAPO (Yu et al., 2025b). We cu-337

rate a training dataset by mixing DocQA-RL-338

1.6K 5 and randomly 1K samples from MemA-339

gent (Yu et al., 2025a). We set the learning340

rate to 1e-6, with a maximum sequence length341

of 32,768, a batch size of 8, a rollout number342

of 16, a temperature of 1.0, and a maximum343

1https://huggingface.co/Qwen/Qwen3-8B-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 344

otherwise specified, we set the default spar- 345

sity ratio λ for LongAct to 0.3 (i.e., updating 346

only the top 30% of high-magnitude weights) 347

based on our ablation studies. 348

Evaluation Setting We employ a comprehen- 349

sive suite of long-context benchmarks to rigorously 350

evaluate model performance: 351

• LongBench v2 (Bai et al., 2025): A chal- 352

lenging benchmark focused on realistic long- 353

context deeper understanding. It employs a 354

multiple-choice question format to facilitate 355

rigorous and objective evaluation. 356

• RULER (Hsieh et al., 2024): A benchmark 357

designed to evaluate the effective context win- 358

dow size through diverse synthetic tasks. 359

• InfiniteBench (Zhang et al., 2024): A dataset 360

targeting diverse long-context capabilities, 361

covering heterogeneous tasks such as retrieval 362

(Re.Pa, Re.Nu), summarization (En.Sum), QA 363

(En.QA, Zh.QA), and multi-choice reasoning 364

(En.MC). 365

For inference, we utilize vLLM 6 with a decoding 366

temperature of 1.0. All evaluations are conducted 367

using official scripts with a fixed random seed of 0 368

to ensure reproducibility. 369

Baselines We conduct comparisons using 370

the Qwen3 family at both 4B and 8B scales. 371

The baselines include: (1) the officially re- 372

leased Qwen3-Base models; (2) our reproduced 373

Qwen3-SFT models obtained from the Cold Start 374

phase; and (3) the Qwen3-SFT w/ DAPO variants, 375

which undergo standard full-parameter RL training. 376

4.2 Main Results 377

Results on LongBench v2. Table 1 summarizes 378

our LongBench v2 results. Overall, Qwen3-8B-SFT 379

w/ LongAct achieves the best performance at 380

36.73, improving by +3.93 over Qwen3-8B-SFT 381

w/ DAPO (32.80) and +9.69 over the cold-start 382

Qwen3-8B-SFT model (27.04). Notably, our 383

method also outperforms the officially released 384

Qwen3-8B* by +3.13 (33.60→ 36.73), indicating 385

that LongAct provides gains beyond standard post- 386

training recipes. We observe a consistent trend on 387

the smaller model: Qwen3-4B-SFT w/ LongAct 388

reaches 34.24, yielding +3.82 over Qwen3-4B-SFT 389

6https://github.com/vllm-project/vllm

5

https://huggingface.co/Qwen/Qwen3-8B-Base
https://github.com/hiyouga/LLaMA-Factory
https://huggingface.co/datasets/a-m-team/AM-DeepSeek-R1-0528-Distilled
https://huggingface.co/datasets/a-m-team/AM-DeepSeek-R1-0528-Distilled
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Difficulty Length

Model Overall Easy Hard Short Medium Long

Qwen3-8B* 33.60 39.58 29.90 39.44 28.37 34.26
Qwen3-8B-Base 20.68 19.27 21.54 28.33 17.67 13.89
Qwen3-8B-SFT 27.04 28.65 26.05 32.22 24.65 23.15
Qwen3-8B-SFT w/ DAPO 32.80 40.10 28.30 38.33 28.37 32.41
Qwen3-8B-SFT w/ LongAct 36.73 38.02 35.93 41.94 33.37 34.72

Qwen3-4B* 31.41 34.90 29.26 35.56 27.91 31.48
Qwen3-4B-Base 17.10 19.79 15.43 21.11 13.49 17.59
Qwen3-4B-SFT 25.65 21.35 28.30 33.33 22.33 19.44
Qwen3-4B-SFT w/ DAPO 30.42 28.12 31.83 33.33 31.16 24.07
Qwen3-4B-SFT w/ LongAct 34.24 33.07 34.97 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 0 to ensure
reproducibility.

Model Ruler-128k Ruler-64k
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 51.96 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 32.52 40.40 45.26
Qwen3-8B-SFT w/ LongAct 34.55 63.70 75.24 31.10 51.15 45.97 69.64 34.96 34.90 46.37

Qwen3-4B-Base 22.23 46.74 45.64 14.00 32.15 42.72 60.55 56.40 19.30 44.74
Qwen3-4B-SFT 26.60 53.02 91.44 27.20 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 94.96 30.90 59.05
Qwen3-4B-SFT w/ LongAct 31.50 56.29 90.64 32.10 52.63 44.70 69.68 94.52 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* by390

+2.83 (31.41→ 34.24). These results suggest that391

our approach scales robustly across model sizes.392

Difficulty Breakdown. LongAct excels on hard393

instances, which are highly sensitive to error ac-394

cumulation. On the 8B model, it achieves 35.93,395

substantially surpassing SFT w/ DAPO (+7.63) and396

SFT (+9.88). Similarly, the 4B model reaches 34.97,397

outperforming all baselines. While DAPO performs398

well on easy splits, LongAct offers a more balanced399

profile, significantly lifting performance on hard400

tasks without compromising overall capability.401

Length Breakdown. We further analyze robust-402

ness across input lengths. LongAct achieves the403

best results across short/medium/long categories.404

For 8B model, LongAct attains 41.94 (Short), 33.37405

(Medium), and 34.72 (Long), with particularly406

strong gains compared to SFT w/ DAPO across407

input lengths (38.33 → 41.94 (+3.61), 28.37 →408

33.37 (+5.00), 32.41 → 34.72 (+2.31) for Short, 409

Medium and Long respectively). On 4B model, 410

LongAct significantly improves the long split to 411

33.33, which is +9.26 over SFT w/ DAPO (24.07) 412

and +1.85 over Qwen3-4B* (31.48). These improve- 413

ments indicate that LongAct enhances stability as 414

context length increases, rather than overfitting to 415

shorter-context behaviors. 416

4.3 Ablation on More Long-context 417

Benchmarks 418

Results on RULER-128K and RULER-64K. 419

Table 2 reports ablations on RULER under 420

two context lengths (128K and 64K). Overall, 421

LongAct consistently improves long-context per- 422

formance across both model sizes. For 8B model, 423

Qwen3-8B-SFT w/ LongAct achieves the best av- 424

erage score on RULER-128K (51.15), improving 425

over Qwen3-8B-SFT (44.42) and Qwen3-8B-SFT w/ 426

DAPO (49.63) by +6.73 and +1.52, respectively. On 427
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Methods Re.Pa Re.Nu En.Sum En.QA Zh.QA En.MC Avg.

Qwen3-8B-SFT 85.76 86.44 14.18 25.09 14.47 54.15 46.68
Qwen3-8B-SFT w/ DAPO 85.93 83.56 11.86 27.45 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 34.24 37.37 32.32 40.00 32.44 28.24

Qwen3-4B-SFT 25.65 21.35 28.30 33.33 22.33 19.44
+ DAPO 34.24 33.07 34.97 37.92 31.63 33.33
+ GRPO 33.45 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-428

formance with an average of 46.37, outperform-429

ing Qwen3-8B-SFT (43.65) and Qwen3-8B-SFT w/430

DAPO (45.26). We observe the same trend for the431

4B model, where LongAct delivers the best overall432

averages at both 128K and 64K, suggesting that the433

gains are robust and scale across model sizes.434

Results on InfiniteBench. Table 3 summarizes435

results on InfiniteBench. LongAct achieves the436

best average performance for both model sizes.437

For 8B, Qwen3-8B-SFT w/ LongAct attains438

the highest average score (49.39), improving439

over Qwen3-8B-SFT (46.68) by +2.71 and over440

Qwen3-8B-SFT w/ DAPO (48.11) by +1.28. The441

gains are driven by consistent improvements on442

En.Sum (14.18 → 15.83) and En.MC (54.15 →443

59.39), while remaining competitive on retrieval444

and QA tasks (e.g., Re.Pa: 85.76→ 86.44). For 4B,445

Qwen3-4B-SFT w/ LongAct also yields the best446

average (46.36), outperforming Qwen3-4B-SFT447

(43.10) and Qwen3-4B-SFT w/ DAPO (44.99) by448

+3.26 and +1.37, respectively. Notably, LongAct449

substantially boosts long-context QA for smaller450

models (En.QA: 12.68 → 21.06; Zh.QA: 9.65 451

→ 11.61) and improves En.MC (53.28→ 56.33). 452

Overall, these results indicate that LongAct pro- 453

vides consistent and general improvements across 454

heterogeneous long-context tasks. 455

4.4 Ablation on More Reinforcement 456

Learning Methods 457

Table 4 evaluates our training recipe under different 458

RL algorithms on top of the cold-start SFT mod- 459

els. Across both 4B and 8B models, applying RL 460

consistently improves long-context performance, 461

and our method maintains stable gains under all RL 462

algorithms, including DAPO, GRPO, CLIP-conv, and 463

KL-conv on LongBench v2. Among them, DAPO 464

achieves the best overall results on both 8B and 4B 465

and yields the most balanced improvements across 466

difficulty and length splits, while other algorithms 467

remain competitive but exhibit stronger trade-offs 468

(e.g., favoring easier or medium-length subsets over 469

the longest-context subset). These results suggest 470

that the effectiveness of our method does not rely 471

on a particular RL algorithm and is generalizable. 472

Unless otherwise specified, we adopt DAPO as the 473
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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
+ 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 35.93 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.474

4.5 Ablation on Selecting Activations475

Table 5 evaluates different activation selection476

strategies during training. Across both backbones,477

selecting massive values consistently yields the478

best performance, delivering large gains over the479

SFT baseline and clearly outperforming random480

selection and min values. In contrast, random481

and min values provide only modest improvements482

and are less consistent across difficulty and length483

splits. These results suggest that focusing updates484

on salient (high-magnitude) activations is crucial485

for effectively improving long-context capability.486

4.6 Ablation on the Sparsity in RL Parameter487

Updates488

Table 6 studies how the update sparsity (i.e., the489

percentage of selected massive values) affects per-490

formance. We observe that using a moderate spar-491

sity consistently yields the best overall results. For492

both 8B and 4B backbones, selecting 30% massive493

values achieves the highest overall score and the494

most balanced improvements across difficulty and495

length splits, especially on the Hard and Long sub-496

sets. Increasing the ratio to 40% does not further497

improve overall performance and can introduce re-498

gressions on some partitions, suggesting that overly499

dense updates may weaken the benefit of targeting500

the most salient parameters. Unless otherwise spec-501

ified, we set the default sparsity ratio to 30% in502

subsequent experiments.503

5 Analysis504

To investigate the underlying mechanism of long-505

context capabilities, we conduct a perturbation anal-506

ysis on Qwen3-8B using real-world cases from507

LongBench v2. As illustrated in Figure 6, to be spe- 508

cific, we isolate the impact of activation magnitude 509

by selectively disrupting the top 30% ("Qwen3-8B 510

w/o High-magnitude Activations") versus the bot- 511

tom 30% ("Qwen3-8B w/o Non High-magnitude 512

Activations") of activations. Specifically, the se- 513

lected activations are clamped to the global mean 514

value, calculated by averaging the entire query (or 515

key) tensor across all heads, sequence lengths, and 516

feature dimensions. 517

Comparing these responses, we observe that 518

"Qwen3-8B w/o Non High-magnitude Activations" 519

retains its logical coherence. As shown in Fig- 520

ure 6, the generated CoT maintains a structured 521

flow—correctly utilizing logical connectors like 522

"Alternatively" and "However"—and successfully 523

derives the correct answer. This suggests that the 524

core reasoning process is less dependent on these 525

“quiet” activations. Conversely, disrupting the top 526

30% of high-magnitude activations leads to imme- 527

diate model collapse. The output degrades into 528

repetitive loops (e.g., the "3333..." pattern visible 529

in Figure 6). 530

The stark contrast between these outcomes un- 531

derscores that high-magnitude activations are piv- 532

otal for maintaining reasoning in long-context sce- 533

narios. This observation corroborates prior find- 534

ings (Lin et al., 2024; Liu et al., 2024; Jin et al., 535

2025). Crucially, our empirical results extend this 536

insight, demonstrating that leveraging these critical 537

activations to guide the training process is highly 538

effective for enhancing long-context capabilities. 539

6 Conclusion 540

We propose LongAct, a robust method that lever- 541

ages the model’s internal representations to en- 542

hance long-context reasoning. 543
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Limitations544

Limited by computing resources, we could not use545

larger models for reinforcement learning. We will546

explore the scaling effects of our approach in future547

work.548
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A Appendix 715

Illustrative Example. To clarify the indexing 716

mechanism, consider a simplified configuration 717

with H = 2 heads, head dimension D = 4, 718

and a selection ratio λ = 0.3, resulting in k = 719

⌊0.3× 4⌋ = 1 active dimension per head. Suppose 720

the computed importance scores for the two heads 721

are: 722

M0 = [0.8, 0.2,0.9, 0.5] → idx0 = 2 723

M1 = [0.3,0.7, 0.6, 0.4] → idx1 = 1 724

The system then maps these local head indices to 725

the global row indices of the projection weight 726

W ∈ R(H·D)×din : 727

• Head 0: Global Row g0 = 0× 4 + 2 = 2. 728

• Head 1: Global Row g1 = 1× 4 + 1 = 5. 729

Consequently, only rows {2, 5} of W (2 out of 730

8 total rows) are updated, while the rest remain 731

frozen. 732

10



Representation of Q

Figure 3: Visualization of the query representation magnitudes in Qwen3-8B on the RULER benchmark.

Representation of K

Figure 4: Visualization of the key representation magnitudes in Qwen3-8B on the RULER benchmark.

Representation of V

Figure 5: Visualization of the value 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 35.93 41.94 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 32.41
+ 30% massive values 34.24 33.07 34.97 37.92 31.63 33.33
+ 40% massive values 32.80 31.77 33.44 41.11 28.37 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?

Ô 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).

Ô 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).

Ô 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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