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Abstract001

Despite recent progress in context compres-002
sion, we identify a fundamental memorization-003
utilization gap where models can compress con-004
text with near-perfect fidelity yet fail to effec-005
tively utilize these compressed representations006
for downstream tasks. We address this with007
a holistic training paradigm spanning pretrain-008
ing, instruction tuning, and reinforcement learn-009
ing, built upon an average pooling compres-010
sion. Our key innovation uses outcome-based011
RL to enable implicit expansion: the model012
learns to adaptively unfold task-relevant details013
during generation, interleaving reconstruction014
with reasoning. We achieve near-lossless 16×015
compression across 7B and 32B models, re-016
covering over 98% of full-context QA perfor-017
mance and outperforming prior methods by 11018
points. Our 32B model demonstrates strong019
out-of-distribution and length generalization,020
robustly scaling to 120k-token contexts despite021
training on no more than 4k tokens, match-022
ing full-context performance on NIAH, Long-023
Bench v2, and multi-hop reasoning.024

1 Introduction025

Consider an AI assistant processing hundreds of026

documents. Compressing input tokens at this scale027

directly translates to substantial savings in cost and028

latency. In fact, early work on soft prompt com-029

pression, which encodes text into continuous em-030

beddings rather than discrete tokens, has shown031

that LLMs can achieve near-perfect memorization032

by reconstructing almost all information when suf-033

ficiently pretrained. ICAE (Ge et al., 2024) was034

among the first to demonstrate this capability and035

drew an analogy to how humans enhance mem-036

ory encoding through training. Recent methods037

like GMSA (Tang et al., 2025), DeepSeek-OCR038

(Wei et al., 2025), and its text-based counterpart C3039

(Liu and Qiu, 2025) further improve reconstruction040

from compressed representations. Despite these041

advances, a persistent performance gap remains042

between compression approaches and full-context 043

LLMs on downstream tasks. As noted by Lee et al. 044

(2025), high-fidelity reconstruction does not nec- 045

essarily translate into language modeling utility. 046

A model that faithfully recovers compressed texts 047

may still fail on effective next-token prediction, a 048

gap evidenced in actual downstream performance 049

(Liu et al., 2025). This fundamental gap between 050

memorization and utilization raises a critical ques- 051

tion: If LLMs can already preserve information 052

near losslessly, what prevents them from effectively 053

leveraging that information for downstream tasks? 054

Existing soft prompt compression methods (Ge 055

et al., 2024; Louis et al., 2025b) primarily rely on 056

autoencoding pretraining and finetuning to align 057

compression with downstream utilization, yet fail 058

to fully bridge this gap. We push further by ap- 059

plying reinforcement learning (RL) to soft prompt 060

compression, directly optimizing decoder genera- 061

tion for downstream performance. Surprisingly, we 062

find that RL training incentivizes an implicit expan- 063

sion behavior during decoding. As Figure 1 shows, 064

the RL-trained model learns to selectively recon- 065

struct short relevant spans when reasoning unfolds. 066

By leveraging the model’s near-perfect reconstruc- 067

tion ability to local spans, this adaptively unpacks 068

compressed information and enables more faith- 069

ful utilization than supervised finetuned models, 070

which are prone to hallucinations as they conflate 071

entangled details from memory tokens. Because 072

reconstruction occurs on demand during genera- 073

tion rather than all at once, it adds minimal output 074

overhead while achieving substantial input savings. 075

This RL-elicited decoding behavior parallels 076

how humans recall memories. Cognitive research 077

has established that humans recall through recon- 078

struction rather than replay, with information ac- 079

tively rebuilt from distributed fragments instead of 080

retrieved as exact copies (Bartlett, 1932; Schacter 081

and Addis, 2007; Nader et al., 2000). This anal- 082

ogy offers a cognitive lens for understanding how 083
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INPUT: Question and Compressed Context

QUESTION: In relation to Rome, where was the city whose king was the father of Ocnus?

COMPRESSED CONTEXT SNIPPETS:
... Title: Ocnus In Greek and Roman mythology, Ocnus or Bianor was a son of Manto and Tiberinus, king of Alba Longa. He founded modern Mantua ...
... Title: Alba Longa Alba Longa (occasionally written Albalonga in Italian sources) was an ancient city of Latium in central Italy, 12 mi southeast ...

✓ With RL: Implicit Expansion

To determine the location of the city, we need to identify the relevant
information from the provided descriptions. From the title “Ocnus”:

“In Greek and Roman mythology, Ocnus or Bianor was a son of Manto and
Tiberinus, king of Alba Longa. He founded modern Mantua in honor of
his mother.”

This description tells us that Ocnus’s father, Tiberinus, was the king of Alba
Longa. Now, we need to find out where Alba Longa was located. From the
title “Alba Longa”:

“Alba Longa (occasionally written Albalonga in Italian sources) was an
ancient city of Latium in central Italy, 12 mi southeast of Rome, in the
Alban Hills.”

Based on this information, we can conclude that Alba Longa, the city whose
king was the father of Ocnus, was located 12 miles southeast of Rome, in
the Alban Hills.

× SFT Only: Hallucination

To determine the location of the city, we need to identify the relevant
information from the provided texts.

1. Ocnus and Tiber: The text states that Ocnus and Manto were the
children of Biberon, who was a king of Tiber. [hallucinated]

2. Tiber: Tiber is not explicitly mentioned as a city in any of the provided
texts. However, it is commonly known that the Tiber River flows through
Rome, and ancient cities often developed around significant rivers.

Given this information, we can infer that Tiber likely refers to a city
or settlement located near the Tiber River. Since the Tiber River is
central to Roman history and geography, it is reasonable to conclude that
the city of Tiber was in the vicinity of what would later become Rome.
[hallucinated]

Therefore, the city whose king was the father of Ocnus was located near
the Tiber River, which is in central Italy, close to the area where Rome
would eventually be founded.

Figure 1: Implicit expansion via RL bridges memorization and utilization. Given compressed context (16×),
our 32B RL-trained model (left) reconstructs essential details during reasoning: first expanding the passage linking
Ocnus to Tiberinus, then Alba Longa’s location relative to Rome. The SFT model (right), despite access to the same
compressed memory, hallucinates facts (“Biberon,” “Tiber”) and fails to retrieve stored information, illustrating the
utilization gap that RL training addresses.

LLMs utilize compressed memories, and may ex-084

plain why finetuning, which accesses compressed085

information without reconstruction, proves less ef-086

fective. Just as human memory benefits from recon-087

structive processes, LLM utilization of compressed088

information may require dynamic reconstruction089

rather than static access.090

In this work, we address the memorization-091

utilization gap through a unified framework. Our092

main contributions are as follows:093

• We propose a holistic training paradigm span-094

ning pretraining, finetuning, and RL, built on095

a simple compression mechanism using aver-096

age pooling and linear projection.097

• We are the first to apply outcome-based RL to098

soft prompt compression. This elicits LLM’s099

implicit expansion behavior during reasoning,100

enabling more faithful memory utilization be-101

yond what finetuning alone can achieve.102

• We demonstrate strong length generalization.103

Despite training only on 4K-token sequences,104

our model scales effectively to original con-105

texts of 120K tokens, dramatically reducing106

training costs for long-context applications.107

Our approach achieves near-lossless 16× com- 108

pression at 7B and 32B scales, recovering 98% of 109

full-context QA performance and outperforming 110

prior methods like PISCO (Louis et al., 2025a) and 111

OSCAR (Louis et al., 2025b) by over 11 points. 112

The 32B model further retains 98.6% accuracy 113

across five out-of-distribution benchmarks. On 114

long-context tasks, it remains competitive with 115

the full-context baseline on Needle In A Haystack 116

(NIAH) (Kamradt, 2023), LongBench v2 (Bai et al., 117

2024), and multi-hop reasoning, while achieving 118

up to 11.4× speedup at extreme lengths. We note 119

that the 16× compression rate refers to encoding- 120

level compression, consistent with prior work; with 121

special tokens required for decoding, the effective 122

rate is approximately 5.3×. We present the main 123

results in Section 5, with latency analysis detailed 124

in Appendix E. 125

2 Related Work 126

2.1 Soft Prompt Compression 127

Learned Memory Token Approaches A com- 128

mon approach in soft prompt compression is to 129

append learnable memory tokens to the input and 130

extract their hidden states as compressed represen- 131

tations. AutoCompressors (Chevalier et al., 2023) 132
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pioneered this with recursive compression using133

the same model as both encoder and decoder, while134

ICAE (Ge et al., 2024) employs a LoRA-adapted135

encoder with a frozen decoder. COCOM (Rau136

et al., 2025) demonstrated the importance of joint137

encoder-decoder training. PISCO (Louis et al.,138

2025a) simplifies training via sequence-level dis-139

tillation without pretraining, and OSCAR (Louis140

et al., 2025b) introduces query-dependent compres-141

sion. However, these methods suffer from semantic142

dilution: information is distributed unevenly across143

memory tokens (Tang et al., 2025).144

Average Pooling Approaches To address seman-145

tic dilution, recent work directly pools encoder hid-146

den states. GMSA (Tang et al., 2025) employs147

group average pooling with layer alignment, and148

Feldman and Artzi (2025) shows simple mean pool-149

ing is surprisingly effective. Our approach shares150

architectural similarities with these pooling meth-151

ods but differs in training. Whereas prior work152

mainly employs autoencoding objectives or finetun-153

ing, we introduce a holistic paradigm that extends154

from pretraining through outcome-based RL. We155

are the first to apply RL to soft prompt compres-156

sion, directly optimizing decoder performance on157

downstream tasks.158

2.2 Reinforcement Learning for Compression159

Prior RL work typically focuses on hard compres-160

sion or input-side expansion decisions. CORE (Cui161

et al., 2025) applies end-to-end RL to optimize a162

compressor that generates textual summaries for163

RAG, but operates in a discrete space, risking infor-164

mation loss. More relevant to our work, REFRAG165

(Lin et al., 2025) trains an RL policy to selectively166

expand compressed soft chunks back to full to-167

kens using perplexity reward. DAST (Chen et al.,168

2025) similarly allocates more soft tokens to dense169

regions based on perplexity, though without RL.170

However, both methods rely on heuristic signals171

and make expansion decisions prior to generation.172

In contrast, we optimize decoder utilization directly173

via outcome-based RL, enabling on-demand recon-174

struction as generation unfolds.175

3 Methodology176

3.1 Model Architecture177

Figure 2 illustrates our compression model archi-178

tecture. We employ the same LLM as both encoder179

and decoder with an average pooling module. For180

encoding, we divide the input context into fixed- 181

size chunks of C tokens, where C controls the 182

compression rate (e.g., C = 16 yields a 16× com- 183

pression). Each chunk is forwarded through the 184

LLM, and the resulting final-layer hidden states 185

are average-pooled across tokens and projected to 186

produce a single memory embedding: 187

mi = Proj

 1

C

C∑
j=1

hi,j

 (1) 188

where d is the model’s hidden dimension, hi,j ∈ 189

Rd denotes the final-layer hidden state for the j- 190

th token in chunk i, and Proj : Rd → Rd is a 191

learnable linear transformation. The process com- 192

presses N chunks into N memory embeddings 193

M = [m1, . . . ,mN ]. 194

This design is motivated by two considera- 195

tions. First, LLM hidden states inherently capture 196

contextual information through attention, so we 197

can directly pool them rather than learning com- 198

pressed embeddings from scratch. Second, encod- 199

ing chunks independently enables efficient batched 200

processing. In line with these considerations, we 201

adopt average pooling as our primary pooling strat- 202

egy. While we also explored attention-based pool- 203

ing, we found that simple averaging converges 204

faster and requires less memory (Appendix B). This 205

aligns with concurrent work (Tang et al., 2025; 206

Feldman and Artzi, 2025), which shows that aver- 207

age pooling mitigates semantic dilution and yields 208

more uniform information retention. 209

For decoding, the memory embeddings are 210

prepended to the instruction tokens and fed to the 211

same LLM for autoregressive generation. Each 212

memory embedding is wrapped by special tokens 213

(<MEM_START>, <MEM_END>). Since the encoder 214

and decoder share the same LLM, the compressed 215

representations naturally lie close to the decoder’s 216

latent space, making them easier to interpret with- 217

out complex alignment. 218

3.2 Training Objectives 219

We formulate context compression as a unified lan- 220

guage modeling objective where the model learns 221

to generate target sequences conditioned on mem- 222

ory embeddings. For continual pretraining and 223

instruction tuning, all compression tasks share a 224

common loss: 225

L = −
|y|∑
t=1

logPθ(yt | M,xinst, y<t) (2) 226
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Long Context: “In Greek and Roman mythology, Ocnus or Bianor...”

Chunk1 Chunk2 · · · ChunkN

LLM Encoder

h1,1:C h2,1:C · · · hN,1:C
hidden
states

Avg Pool Avg Pool · · · Avg Pool

Proj Proj · · · Proj

m1 m2 · · · mN
memory
embeddings

m1 m2 · · · mN q1 q2 q3 · · ·
instruction tokens

LLM Decoder (Same LLM)

Output: Generated Answer

Shared
Weights

N × C
tokens

N emb.

C×

Figure 2: Context compression architecture. Input is
chunked into C-token segments and encoded by the
LLM. Hidden states are average-pooled and projected
into memory embeddings, achieving C× compression.
The same LLM decodes outputs from memory embed-
dings prepended to instructions.

where M denotes the memory embeddings, xinst227

the task instructions (Figure 10), and y the target228

sequence. We define four tasks (Table 1) that form229

a curriculum of increasing abstraction: Reconstruc-230

tion trains the model to retain complete information.231

Continuation generates text from a compressed pre-232

fix. Summarization produces coarse-grained recon-233

structions. QA requires reasoning over compressed234

memory to answer questions.235

Table 1: Compression training task formulation. Bridge
refers to uncompressed tokens that stabilize the transi-
tion from compressed memory to generation.

Task Memory M Instruction xinst Target y

Reconstruction Full doc. Prompt Original
Continuation First half Prompt + bridges Second half
Summarization Full doc. Prompt Summary
QA Context Question Answer

3.3 Training Recipe236

We adopt a three-stage curriculum that progres-237

sively builds compression capability and effective238

downstream utilization.239

3.3.1 Continual Pretraining240

Design Principles This stage builds the founda-241

tions for model compression while preserving its242

base language modeling ability. We adopt two de-243

sign choices. First, following multimodal training244

paradigms, we treat compressed memory embed-245

dings as a distinct modality and mix compression 246

tasks with standard full-context language modeling 247

within each training batch to prevent catastrophic 248

forgetting. Second, we introduce bridge chunks: 249

small, uncompressed spans (typically 16 tokens) 250

retained in the input that bridge compressed embed- 251

dings and the generation target. We find that con- 252

tinuation loss is inherently difficult to optimize and 253

decreases only marginally. Bridge chunks serve 254

as scaffolding that eases this transition and helps 255

reduce continuation loss (Appendix C). 256

Phase 1 Pretraining proceeds in two phases. The 257

first phase establishes foundations by training on 258

a balanced mixture of reconstruction and contin- 259

uation tasks, following prior work that found this 260

split effective (Rau et al., 2025). We interleave 261

these with standard pretraining at approximately 262

70:30, and use a single bridge chunk for all contin- 263

uation tasks to stabilize the transition. 264

Phase 2 Since reconstruction converges quickly 265

to a loss below 0.1, we reallocate capacity to tasks 266

that emphasize language modeling and utilization. 267

The task mixture shifts to continuation (40%), QA 268

(27.5%), summarization (17.5%), and reconstruc- 269

tion (15%). Continuation receives the highest 270

weight as it converges most slowly. We adjust the 271

compression-to-standard ratio to 60:40, and vary 272

the number of bridge chunks from 0 to 4 to improve 273

robustness. Throughout both phases, the encoder, 274

projection layer, and decoder are trained jointly. 275

3.3.2 Instruction Tuning 276

We then adapt the model to downstream QA tasks 277

with the ChatML format (Appendix G). We freeze 278

the projection layer and train only the encoder 279

and decoder. Because the projection layer has al- 280

ready learned a robust encoder-decoder alignment 281

through diverse compression tasks during pretrain- 282

ing, freezing it here preserves this mapping and 283

prevents overfitting to narrow task distributions. 284

3.3.3 Reinforcement Learning 285

Motivation Supervised finetuning alone does not 286

bridge the gap between memorizing compressed 287

inputs and using them effectively. We attribute 288

this gap to differences in computational demands. 289

Reconstruction unfolds token by token, affording 290

sequential computation that progressively disentan- 291

gles information. Supervised finetuning instead 292

learns a direct mapping from compressed represen- 293

tations to task outputs, forcing retrieval and rea- 294
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soning to occur simultaneously without iterative re-295

finement. Prior work shows that additional sequen-296

tial computation increases transformer expressiv-297

ity (London and Kanade, 2025) and improves rea-298

soning on challenging representations (Kim et al.,299

2025). Compressed embeddings, condensing long300

contexts into a few dense vectors, are a particularly301

challenging case. Yet standard downstream supervi-302

sion, typically direct answers or responses distilled303

from full-context models, provides no signal for304

how compressed information should be extracted305

or refined. As a result, reconstruction ability re-306

mains latent during generation. This suggests that307

effective utilization may require more flexible de-308

coding strategies that afford sufficient computation309

access.310

RL Formulation To this end, we adopt outcome-311

based reinforcement learning, which optimizes de-312

coding behavior through task-level feedback rather313

than predefined utilization patterns. This allows314

the model to explore a broader space of decod-315

ing trajectories and discover strategies for utilizing316

compressed representations. As in finetuning, we317

use only downstream QA data. We apply DAPO318

(Yu et al., 2025), which extends GRPO (Shao et al.,319

2024) with dynamic sampling to filter out prompt320

groups with zero reward variance, ensuring effec-321

tive gradients for learning nuanced decoding strate-322

gies. We set a maximum response length of 600323

tokens, well beyond typical QA outputs, giving the324

model sufficient room to refine information from325

compressed embeddings. To prevent degenerate ex-326

ploitation of this headroom, we apply DAPO’s soft327

overlong punishment to penalize excessive length.328

Together, these choices give the model flexibility329

to allocate computation adaptively while avoiding330

verbosity. We use a binary reward based on correct-331

ness:332

R(y, a∗) = I[Judge(y, a∗) = correct] (3)333

where a generative judge evaluates whether the334

model’s response y is correct given ground truth335

a∗. We generate compressed embeddings offline336

from the SFT checkpoint, tuning only the decoder337

during RL. The decoding behaviors that emerge338

from this training are analyzed in Section 5.339

4 Experiments340

4.1 Implementation Details341

We use Qwen2.5-7B (base) and Qwen2.5-32B342

(base) (Yang et al., 2024) as backbones, apply-343

ing 16× compression as our primary setting, with 344

additional experiments at 64×. To balance train- 345

ing capacity with efficiency, we propose FQLoRA 346

(Appendix I.1), a hybrid strategy that fully fine- 347

tunes ∼36% of transformer layers while applying 348

QLoRA (Dettmers et al., 2023) to the rest. 349

For pretraining and instruction tuning, we adopt 350

DeepSpeed ZeRO-3 (Rajbhandari et al., 2020) for 351

distributed training. For reinforcement learning, we 352

use VERL (Sheng et al., 2024), with Qwen3-32B 353

(Yang et al., 2025) and Qwen2.5-72B-Instruct serv- 354

ing as reward models for the 7B and 32B settings, 355

respectively. Training configurations and hyperpa- 356

rameters are detailed in Appendix G.1 and I. 357

4.2 Training Data 358

Our training data spans multiple domains: gen- 359

eral pretraining data from DCLM (Li et al., 2024) 360

and CCI2 (Beijing Academy of Artificial Intelli- 361

gence, 2024); mathematical and reasoning con- 362

tent from Natural Reasoning (Yuan et al., 2025) 363

and Proof-Pile-2 (Azerbayev et al., 2024); code 364

from StarCoder (Li et al., 2023); general instruc- 365

tions from OpenHermes-2.5 (Teknium, 2023); and 366

QA data from HotpotQA (Yang et al., 2018), 367

TriviaQA (Joshi et al., 2017), Natural Questions 368

(Kwiatkowski et al., 2019), and RAGBench (Friel 369

et al., 2024). Table 2 summarizes the task and data 370

composition across all training stages. 371

4.3 Evaluation 372

We evaluate on both in-distribution and out-of- 373

distribution QA benchmarks, and also employ long- 374

context stress tests to assess retrieval and reasoning 375

performance under compression. All evaluations 376

use Qwen2.5-72B-Instruct as a judge, except for 377

Long-Context Multi-Hop QA, which uses exact 378

match following RULER (Hsieh et al., 2024). De- 379

tails of the evaluation setup are provided in Ap- 380

pendix G.2 and H. 381

QA Benchmarks We sample 1,000 instances 382

each from three in-distribution datasets (HotpotQA, 383

TriviaQA, and Natural Questions) and five out-of- 384

distribution datasets, including MuSiQue (Trivedi 385

et al., 2022), 2WikiMultihopQA (Ho et al., 2020), 386

BioASQ (Krithara et al., 2023), SQuAD (Rajpurkar 387

et al., 2016), and MS MARCO (Bajaj et al., 2016). 388

We use benchmarks with answer-containing con- 389

texts to avoid retrieval sensitivity and establish ac- 390

curate upper bounds for compression. 391
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Table 2: Training data composition for our three-stage recipe: continual pretraining (CPT-1, CPT-2), SFT, and RL.

Stage Task Samples Data Sources

CPT-1 Compression (recon/cont) 220K DCLM, CCI2, Natural Reasoning, Proof-Pile-2, StarCoder
Standard CPT 100K Same + OpenHermes-2.5

CPT-2 Compression (+QA/summ) 400K CPT-1 sources + HotpotQA, TriviaQA, RAGBench
Standard CPT 300K Same as CPT-1

SFT QA w/ compression 144K HotpotQA, TriviaQA, Natural Questions, RAGBench

RL QA w/ compression 60K HotpotQA, TriviaQA, Natural Questions

Long-Context Benchmarks We evaluate on392

three benchmarks with contexts up to 120K tokens.393

NIAH (Kamradt, 2023) tests the retrieval of a tar-394

get fact placed at various depths within long con-395

texts (1K–120K tokens). For Long-Context Multi-396

Hop QA, we sample 100 questions each from Hot-397

potQA, 2WikiMultihopQA, and MuSiQue, evaluat-398

ing each across context lengths from 4K to 120K399

tokens by inserting distractor paragraphs following400

RULER (Hsieh et al., 2024). LongBench v2 (Bai401

et al., 2024) is a challenging multiple-choice bench-402

mark requiring reasoning over real-world long doc-403

uments; we select 254 samples with contexts under404

100K tokens.405

4.4 Baselines406

We compare against state-of-the-art 16× compres-407

sion methods: PISCO (Louis et al., 2025a) and408

OSCAR (Louis et al., 2025b). For fair com-409

parison, we evaluate each compression method’s410

backbone model as the full-context upper bound:411

Llama-3.1-8B-Instruct (Grattafiori et al., 2024)412

for PISCO, Mistral-7B-Instruct-v0.2 and Mistral-413

Small-24B-Instruct (Jiang et al., 2023) for OSCAR,414

and Qwen2.5-7B/32B-Instruct (Yang et al., 2024)415

for our models.416

5 Results417

Our experiments address two questions. First,418

can soft prompt compression achieve near-lossless419

downstream performance, and how does RL im-420

prove upon supervised finetuning? Second, to what421

extent can models trained on short contexts gener-422

alize to substantially longer ones?423

We first verify that our pretrained models achieve424

near-perfect reconstruction, with ROUGE-1 F1425

reaching 0.98 and ROUGE-L above 0.96 for con-426

texts up to 2K tokens (Appendix A). This confirms427

that compressed representations faithfully preserve428

source information. The challenge, therefore, lies429

in utilizing that information for downstream tasks.430

5.1 Main Results 431

Table 3 presents QA performance across model 432

scales and compression ratios. 433

Near-lossless Compression At 16× compres- 434

sion, our approach recovers nearly all baseline per- 435

formance at both scales. The 7B RL model attains 436

82.10% in-distribution accuracy, recovering 98.8% 437

of the full-context Qwen2.5-7B-Instruct baseline 438

(83.07%). The 32B RL model reaches 86.20%, 439

recovering 98.1% of its baseline (87.90%) while 440

retaining 98.6% on out-of-distribution tasks. 441

These results substantially exceed prior compres- 442

sion methods. Our 7B model outperforms PISCO 443

(69.30%) and OSCAR (70.77%) by over 11 points 444

in-distribution, while our 32B model surpasses 445

OSCAR-24B by a similar margin despite compara- 446

ble backbone capacity. Even before applying RL, 447

our SFT models exceed these baselines (75.57% at 448

7B, 81.50% at 32B), indicating that our pretraining 449

establishes stronger compression foundations. At 450

64× compression, our 7B RL model still achieves 451

70.67%, comparable to OSCAR at 16× and demon- 452

strating graceful degradation at extreme ratios. 453

RL Enables Implicit Expansion RL training 454

consistently improves over SFT at both model 455

scales. At 7B, we observe gains of 6.5 points in- 456

distribution and 8.5 points out-of-distribution. At 457

32B, gains reach 4.7 and 10.2 points, respectively. 458

Analysis of model outputs reveals the mechanism 459

behind these gains. RL-trained models learn to 460

adaptively expand relevant details as reasoning un- 461

folds (Figure 1 and Figures 14–17). These local 462

reconstructions allocate more computation where 463

needed for more faithful utilization of compressed 464

representations. This confirms our hypothesis that 465

effective utilization requires sufficient computa- 466

tional depth during decoding, and parallels the re- 467

constructive nature of human memory. Without this 468

behavior, SFT models tend to conflate entangled de- 469

tails and hallucinate more frequently. Appendix J 470
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Table 3: QA evaluation on in-distribution and out-of-distribution benchmarks. At 16× compression, our 7B and
32B RL models retain 98.8% and 98.1% of full-context performance on in-distribution tasks, with 93.1% and 98.6%
on out-of-distribution tasks, respectively.

In-Distribution Out-of-Distribution
Model Comp. HotpotQA NQ TriviaQA Avg. 2Wiki BioASQ SQuAD∗ MuSiQue MARCO∗ Avg.

7B Models — Full Context

Mistral-7B-Instruct-v0.2 — 74.00 79.90 91.80 81.90 55.30 95.40 89.40 38.70 65.50 68.86
Qwen2.5-7B-Instruct — 76.70 82.30 90.20 83.07 65.60 93.90 92.30 43.40 64.50 71.94
Llama-3.1-8B-Instruct — 82.40 83.30 91.60 85.77 69.00 94.10 90.40 47.90 64.80 73.24

7B Models — 16× Compression

PISCOa 16× 53.50 68.10 86.30 69.30 33.40 86.60 79.90∗ 22.10 59.10∗ 56.22
OSCARb 16× 58.50 66.20 87.60 70.77 38.10 82.60 84.70∗ 25.40 62.40∗ 58.64
Ours (SFT)c 16× 71.00 70.50 85.20 75.57 65.10 71.30 66.60 35.40 53.90 58.46
Ours (RL)c 16× 80.50 75.60 90.20 82.10 66.80 86.70 79.80 43.00 58.70 67.00

7B Models — 64× Compression

Ours (SFT)c 64× 51.20 55.80 81.20 62.73 41.90 56.90 40.40 17.50 45.50 40.44
Ours (RL)c 64× 62.00 63.00 87.00 70.67 40.40 81.80 57.00 24.00 52.50 51.14

32B Models — Full Context

Qwen2.5-32B-Instruct — 84.70 85.50 93.50 87.90 75.90 95.30 93.30 52.30 67.60 76.88
Mistral-Small-24B-Instruct — 89.20 81.40 94.50 88.37 78.50 96.40 92.10 67.60 58.60 78.64

32B Models — 16× Compression

OSCAR-24Bd 16× 63.10 72.30 88.90 74.77 45.20 88.60 85.50∗ 27.50 63.10∗ 61.98
Ours (SFT)e 16× 77.90 76.50 90.10 81.50 71.40 80.70 76.40 45.40 54.30 65.64
Ours (RL)e 16× 86.10 80.60 91.90 86.20 77.60 92.60 87.80 61.70 59.30 75.80

Backbones: aLlama-3.1-8B-Instruct, bMistral-7B-Instruct-v0.2, cQwen2.5-7B (base), dMistral-Small-24B-Instruct, eQwen2.5-32B (base).
∗ These datasets were included in OSCAR/PISCO training, so results may not reflect fair comparison.

illustrates both behaviors.471

This expansion incurs minimal overhead since472

it is reasoning-guided and localized. Response473

lengths remain comparable to full-context baselines474

(151 vs. 155 tokens at 7B, 190 vs. 169 at 32B),475

a negligible cost given 16× input reduction (see476

Appendix D for response analysis).477

Compression Aids Multi-Hop Reasoning An478

interesting pattern emerges on multi-hop tasks,479

where our models consistently surpass their full-480

context counterparts. At 7B scale, the RL model481

outperforms the baseline on HotpotQA (+3.8) and482

2WikiMultihopQA (+1.2). This pattern amplifies483

at 32B scale across all multi-hop benchmarks, most484

notably on MuSiQue (+9.4). We hypothesize that485

learned compression acts as beneficial informa-486

tion distillation, filtering noise and surfacing task-487

relevant content. Combined with implicit expan-488

sion acquired through RL, this allows the model to489

dynamically retrieve pertinent facts at each reason-490

ing step rather than attending over lengthy contexts491

where relevant evidence is dispersed. Appendix J.2492

provides example responses.493

5.2 Long-Context Generalization494

Beyond standard QA tasks, we test generaliza-495

tion far exceeding the 4K-token training length496

(1.3K memory embeddings with wrapper tokens).497

Our models scale robustly to 120K original tokens 498

(7.5K memory embeddings) and generalize well 499

beyond prior compression methods. 500

NIAH Figure 3 shows retrieval performance 501

across contexts up to 120K tokens. This task is 502

zero-shot as our post-training uses only QA data. 503

Our 32B RL model achieves 9.77/10, matching the 504

full-context baseline (9.96/10), while the 7B model 505

reaches 8.86/10 with degradation primarily at mid- 506

document positions, consistent with the “lost in the 507

middle” phenomenon (Liu et al., 2024). In contrast, 508

prior methods such as PISCO and OSCAR degrade 509

after 10K tokens and fail beyond 20K due to mem- 510

ory or architectural constraints. Full results appear 511

in Appendix F (Table 8). 512

Long-Context Reasoning We evaluate whether 513

the multi-hop advantage extends to longer contexts. 514

On Long-Context Multi-Hop QA (Figure 4), our 515

32B RL model achieves 57.4% overall accuracy 516

versus 53.2% for the full-context baseline (+4.2 517

points), while the SFT model reaches only 44.0%, 518

underscoring the importance of RL. On LongBench 519

v2 (Figure 5), our model achieves comparable over- 520

all accuracy (37.6% vs. 38.2%) while outperform- 521

ing the baseline by 4.1 points at 64K to 100K to- 522

kens. Across both benchmarks, our RL model con- 523

sistently outperforms at longer contexts, aligning 524
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Figure 3: NIAH performance across context lengths up to 120K tokens. Our 32B RL models (16×) achieve
near-perfect retrieval (9.77/10), while prior methods (PISCO, OSCAR) degrade after 10K and fail beyond 20K
tokens due to memory or architectural constraints. Scores range from 1 (failure) to 10 (exact retrieval).
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Figure 4: Multi-hop QA accuracy across 4K–120K con-
texts. The 32B RL model matches or outperforms the
full-context baseline, particularly at longer contexts.

with Berton et al. (2025) who show that compres-525

sion mitigates attention dilution by concentrating526

computation on fewer relevant tokens. Our method527

extends this benefit to more aggressive 16× com-528

pression, where RL-elicited implicit expansion fur-529

ther enhances utilization.530

6 Conclusion531

While soft prompt compression can preserve infor-532

mation with near-perfect fidelity, effective down-533

8K-16K 16K-32K 32K-64K 64K-100K Overall
Context Length (tokens)
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Figure 5: LongBench v2 accuracy across 8K–100K con-
texts. Our 32B RL model shows minimal degradation
versus full-context on challenging reasoning tasks.

stream utilization remains a challenge. We address 534

this through outcome-based RL, which elicits an 535

implicit expansion behavior where the model dy- 536

namically reconstructs relevant spans as reason- 537

ing unfolds. Our approach achieves near-lossless 538

16× compression with over 98% performance re- 539

tention on QA tasks, both in-distribution and out- 540

of-distribution. Despite training on only 4K-token 541

sequences, our 32B model scales to 120K tokens 542

with capabilities comparable to full-context coun- 543

terparts. 544

We link compression utilization to the model’s 545

latent dynamic reconstruction during inference. Fu- 546

ture work will extend this framework to function 547

calling and agentic tasks, where compressed con- 548

text could reduce inference costs while maintaining 549

tool-use capabilities. 550
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Limitations551

While our framework achieves strong performance552

at 16× compression, several limitations warrant553

discussion.554

Effective Compression Rate and Encoding Over-555

head We report 16× compression at the encoding556

level (16 tokens per memory embedding), consis-557

tent with prior work. In practice, each embedding558

requires two special tokens for decoding, yield-559

ing an effective rate of approximately 5.3×. This560

overhead should be considered when estimating561

real-world inference savings. And for the encod-562

ing overhead, compression reduces decoder tokens563

but requires encoder computation. Our approach is564

most beneficial when compressed representations565

are reused across multiple queries, amortizing the566

encoding cost.567

Compression Rate vs. Performance Trade-off568

At 64× compression, our 7B model shows degra-569

dation (70.67% vs. 82.10% at 16×), suggesting570

limits to extreme compression for smaller models.571

At this rate, each memory embedding must encode572

64 tokens of information, potentially exceeding the573

representational capacity of a single embedding574

to preserve fine-grained details. Exploring 64×575

compression at 32B scale may reveal whether in-576

creased capacity can sustain performance at higher577

compression rates.578

Answer Ambiguity in QA Datasets We ob-579

serve performance gaps on NQ, SQuAD, and MS580

MARCO. These datasets exhibit inherent answer581

ambiguity, where multiple valid answer spans or582

free-form phrasings exist beyond the provided ref-583

erences. Since it is infeasible to enumerate all ac-584

ceptable answers, LLM-as-a-judge evaluation may585

incorrectly reject valid responses. Binary rewards586

amplify this by providing no signal for such false587

negatives. Future work could explore soft reward588

signals to address this limitation.589
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A Reconstruction Performance 847

We evaluate reconstruction quality by measuring 848

how well models can regenerate original text from 849

compressed memory embeddings. We test our con- 850

tinual pretrained models on 100 samples from the 851

DCLM holdout set across varying context lengths 852

(256 to 4096 tokens). See Appendix H for evalua- 853

tion prompts and generation parameters. 854

Figure 6 and Table 4 show ROUGE-1 and 855

ROUGE-L F1 scores for both 7B and 32B mod- 856

els with 16x compression. Both pretrained models 857

achieve near-perfect reconstruction (F1 > 0.97) for 858

contexts up to 2048 tokens. Performance degrades 859

at 4096 tokens, with F1 scores dropping to approx- 860

imately 0.84 for ROUGE-1 and 0.75 to 0.82 for 861

ROUGE-L. The 7B model performs comparably to 862

the 32B model, demonstrating that smaller models 863

can effectively learn the reconstruction. 864

Our downstream evaluations (Section 5) show 865

that models generalize to 120K tokens with perfor- 866

mance comparable to full-context baselines, even 867

as global reconstruction (evaluated here) degrades 868

substantially beyond 4K tokens. While both global 869

11

https://doi.org/10.18653/v1/D16-1264
https://doi.org/10.18653/v1/D16-1264
https://doi.org/10.18653/v1/D16-1264
https://doi.org/10.1145/3701551.3703527
https://doi.org/10.1145/3701551.3703527
https://doi.org/10.1145/3701551.3703527
https://doi.org/10.1145/3701551.3703527
https://doi.org/10.1145/3701551.3703527
https://doi.org/10.1098/rstb.2007.2087
https://doi.org/10.1098/rstb.2007.2087
https://doi.org/10.1098/rstb.2007.2087
https://doi.org/10.1098/rstb.2007.2087
https://doi.org/10.1098/rstb.2007.2087
https://huggingface.co/datasets/teknium/OpenHermes-2.5
https://huggingface.co/datasets/teknium/OpenHermes-2.5
https://huggingface.co/datasets/teknium/OpenHermes-2.5
https://doi.org/10.1162/tacl_a_00475
https://doi.org/10.1162/tacl_a_00475
https://doi.org/10.1162/tacl_a_00475
https://docs.vllm.ai/en/latest/features/prompt_embeds/
https://docs.vllm.ai/en/latest/features/prompt_embeds/
https://docs.vllm.ai/en/latest/features/prompt_embeds/
https://arxiv.org/abs/2505.09388
https://doi.org/10.18653/v1/D18-1259
https://doi.org/10.18653/v1/D18-1259
https://doi.org/10.18653/v1/D18-1259
https://doi.org/10.18653/v1/D18-1259
https://doi.org/10.18653/v1/D18-1259


256 512 1024 2048 4096
Context Length (tokens)

0.7

0.8

0.9

1.0
R

O
U

G
E

-1
 F

1
ROUGE-1

7B Pretrain (16x)
32B Pretrain (16x)

256 512 1024 2048 4096
Context Length (tokens)

0.7

0.8

0.9

1.0

R
O

U
G

E
-L

 F
1

ROUGE-L

7B Pretrain (16x)
32B Pretrain (16x)

Figure 6: Reconstruction performance (ROUGE F1)
across context lengths for continual pretrained 7B and
32B models with 16× compression. Both models
achieve high fidelity reconstruction up to 2048 tokens.

Table 4: Reconstruction scores across context lengths
for continual pretrained models.

Metric Model 256 512 1024 2048 4096

ROUGE-1 7B (16x) 0.98 0.98 0.98 0.98 0.84
32B (16x) 0.98 0.98 0.99 0.98 0.84

ROUGE-L 7B (16x) 0.96 0.97 0.97 0.97 0.75
32B (16x) 0.97 0.97 0.98 0.96 0.82

and local reconstruction likely degrade at longer870

contexts, the strong downstream results suggest871

that local reconstruction of task-relevant spans is872

more robust than exhaustive global reconstruction.873

This is what RL training encourages: rather than874

reconstructing the entire context, the model learns875

to selectively expand and retrieve relevant informa-876

tion at each reasoning step, making it more resilient877

to compression at long contexts.878

B Pooling Strategy Comparison879

Figure 7 compares the training and evaluation loss880

curves for average pooling versus attention-based881

pooling (Grouped-Query Attention) during con-882

tinual pretraining. Average pooling demonstrates883

faster convergence, achieving lower training loss884

earlier in training. While attention-based pooling885

eventually reaches comparable training loss, aver-886

age pooling maintains a slight advantage in evalu-887

ation loss, suggesting better generalization. Com-888

bined with its lower memory footprint and com-889

putational cost, we adopt average pooling as our890

default strategy.891

C Bridge Chunk Ablation892

To validate the effectiveness of bridge chunks, we893

conducted preliminary experiments during contin-894

ual pretraining. We trained on 200K samples from895

DCLM with equal proportions of reconstruction896

and continuation tasks, comparing configurations897

with no bridge chunks versus a single bridge chunk.898

Figure 8 shows that including a single bridge899
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Figure 7: Training and evaluation loss comparison
between average pooling and attention-based pooling
(Grouped-Query Attention) during continual pretraining.
Average pooling converges faster and achieves slightly
lower evaluation loss.

chunk consistently improves both reconstruction 900

and continuation losses. While reconstruction 901

loss decreases substantially regardless of bridge 902

chunk configuration, continuation loss decreases 903

only marginally. Including a single bridge chunk 904

enables further improvement on the continuation 905

task. 906
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Figure 8: Evaluation loss comparison between config-
urations with no bridge chunks and one bridge chunk
during continual pretraining.

Table 5: Final losses at training step 2300 for bridge
chunk ablation.

Train Loss Eval Loss

Config Recon. Cont. Recon. Cont.

No Bridge 0.067 2.991 0.047 2.974
One Bridge 0.037 2.911 0.036 2.942

D Response Length Analysis 907

We analyze response length to verify that our im- 908

plicit expansion strategy incurs only modest over- 909

head. Table 6 shows average response tokens 910

across all QA benchmarks. 911

Our RL models produce responses of compara- 912

ble length to their full-context baselines. At 7B 913

scale, our model generates 151 tokens versus 155 914

for the baseline on average. At 32B scale, the 915

increase is modest at 12% (190 vs 169 tokens). 916

PISCO and OSCAR generate more concise re- 917

sponses (∼52 tokens). We also note that their 918

Llama and Mistral backbones inherently produce 919
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shorter outputs than Qwen (80–88 vs 155–169 to-920

kens).921

Table 6: Average response length (in tokens) across all
QA benchmarks (8,000 samples per model).

Backbone Model Avg. Tokens

Qwen2.5-7B
Full Context 154.83
Ours SFT (16×) 132.10
Ours RL (16×) 151.16

Llama-3.1-8B Full Context 80.72
PISCO (16×) 51.60

Mistral-7B Full Context 88.38
OSCAR (16×) 52.53

Qwen2.5-32B
Full Context 168.54
Ours SFT (16×) 134.98
Ours RL (16×) 189.75

Mistral-Small-24B Full Context 78.94
OSCAR (16×) 52.63

E Latency Analysis922

We analyze inference efficiency by measuring Time923

To First Token (TTFT) and peak GPU memory for924

our RL models (7B RL and 32B RL) with 16×925

compression. Since SFT and RL models share926

identical architectures, differing only in decoder927

weights, their latency characteristics are equivalent.928

Following practical deployment scenarios where929

document embeddings are cached (e.g., in RAG930

systems), we assume memory embeddings are pre-931

computed offline by the encoder. All experiments932

use text samples from DCLM, Flash Attention 2,933

float16 precision, and greedy decoding on H100934

80GB GPUs (1 GPU for 7B, 4 GPUs for 32B). We935

report means over 20 runs per configuration after 3936

warmup iterations.937
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Figure 9: TTFT speedup vs. context length. With pre-
computed memory embeddings, our 16× compression
achieves up to 13.3× (7B) and 11.4× (32B) TTFT re-
duction at 120K tokens.

Table 7: TTFT and peak memory comparison. Full:
full-context Qwen2.5-Instruct baseline processing all
input tokens. Ours: our 16× compression model with
precomputed memory embeddings.

TTFT (ms) Peak Memory (GB)
Context Full Ours Speedup Full Ours Saving

7B Models

4K 126 43 3.0× 15.3 14.7 1.04×
8K 261 53 4.9× 16.1 14.9 1.08×
16K 577 100 5.8× 17.7 15.1 1.17×
32K 1,450 189 7.7× 20.8 15.7 1.32×
64K 4,071 408 10.0× 27.1 16.9 1.60×
120K 11,241 842 13.3× 37.5 18.9 1.99×

32B Models

4K 622 241 2.6× 15.6 14.7 1.06×
8K 1,136 352 3.2× 16.6 14.9 1.11×
16K 2,384 521 4.6× 18.7 15.3 1.22×
32K 5,662 845 6.7× 22.8 16.1 1.42×
64K 15,104 1,688 8.9× 31.1 17.6 1.77×
120K 39,900 3,497 11.4× 44.8 20.2 2.22×

Table 7 and Figure 9 show that TTFT speedup 938

scales with context length, reaching 13.3× for 7B 939

and 11.4× for 32B at 120K tokens. Memory re- 940

duction follows a similar trend, with peak GPU 941

memory reduced by 2.0× (7B) and 2.2× (32B) 942

at 120K tokens. Combined with the near-lossless 943

downstream performance shown in Section 5, these 944

efficiency gains make our approach practical for 945

long-context applications. 946

F NIAH Results 947

Table 8 and Figure 3 report NIAH retrieval per- 948

formance. Our 32B models achieve strong results, 949

with both SFT (9.60) and RL (9.77) approaching 950

the full-context baseline (9.96). For 7B, RL im- 951

proves over SFT (8.86 vs. 7.99). Prior methods 952

(OSCAR, PISCO) do not generalize well, with 953

OSCAR-Mistral-7B scoring only 1.50. 954

G Prompt Templates 955

This appendix details the prompt templates used 956

for training and evaluation. 957

G.1 Training Prompts 958

All compression tasks follow the unified formu- 959

lation in Equation 2. For reconstruction, contin- 960

uation, and summarization tasks, instructions are 961

randomly sampled from pools of varying lengths 962

(5–8 variants each) to improve robustness. Fig- 963

ure 10 shows representative examples. For QA 964

tasks, the question itself serves as the instruction. 965
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Table 8: NIAH performance with score out of 10. Our
models handle 120K contexts while prior compression
methods fail beyond 20K.

Model Comp. Max Ctx Score

7B Models
Qwen2.5-7B-Instruct – 120K 10.00
OSCAR-Mistral-7Ba 16× 20K 1.50
PISCO-Llama-8Bb 16× 20K 7.17
Ours (SFT) 16× 120K 7.99
Ours (RL) 16× 120K 8.86

32B Models
Qwen2.5-32B-Instruct – 120K 9.96
OSCAR-Mistral-Small-24Ba 16× 20K 5.44
Ours (SFT) 16× 120K 9.60
Ours (RL) 16× 120K 9.77

a Embedding dimension mismatch beyond 20K contexts.
b OOM error beyond 20K contexts (tested on 4×H100 80GB).

Figure 11 illustrates the input formats used across966

training stages: Stage 1 uses the pretraining format967

(flat sequence), while Stages 2–3 use the ChatML968

format.969

G.2 Evaluation Prompts970

Reconstruction Evaluation We use the same971

prompt format as Stage 1 continual pretraining972

(Figure 11) without the target portion, with the973

instruction “Reconstruct the original text from the974

compressed memory provided above.”975

PISCO/OSCAR Baseline Models For QA976

benchmarks and NIAH evaluation, PISCO and OS-977

CAR use their built-in inference interface with the978

context passed as compressed documents and the979

question as input. See Generation Parameters (Ap-980

pendix H) for details on their compression mech-981

anism. For QA benchmarks, we pass the question982

directly; for NIAH, we use the specific question983

format shown in Figure 12.984

QA Benchmarks & LongBench v2 For Qwen-985

based models, we use the same prompt format as986

training (Figure 11), without the target portion. Our987

SFT model uses the Stage 2 template, while our988

RL model uses the Stage 3 template with \boxed{}989

instruction.990

NIAH Following the official implementation991

(Kamradt, 2023), we use the default needle state-992

ment: “The best thing to do in San Francisco is eat993

a sandwich and sit in Dolores Park on a sunny day”994

with the question: “What is the best thing to do in995

San Francisco?”. Figure 12 shows the prompts for996

all models.997

Reconstruction
Short: “Reconstruct the text from compressed memory.”
Medium: “Reconstruct the original text from the compressed memory
provided above.”
Long: “The compressed memory above contains the full text in com-
pressed form. Please reconstruct and output the complete original text
exactly as it was before compression.”

Continuation
Short: “Continue writing:”
Medium: “Continue the text based on the compressed memory context
provided above.”
Long: “The compressed memory above contains context information.
Use it as your foundation to continue writing naturally from where the
text left off.”

Summarization
Short: “Summarize the text briefly.”
Medium: “Summarize the above passage, focusing on its key point or
main idea.”
Long: “Read the above passage carefully and summarize it in your own
words, focusing on the key message or main idea conveyed by the text.”

Question Answering

The question itself serves directly as the instruction (e.g., “What is the
capital of France?”).

Figure 10: Task instruction examples. Each task sam-
ples from pools of 5–8 variants per length category
during training to improve robustness.

Long-Context Multi-Hop QA Figure 13 shows 998

the prompts for RULER-style evaluation. Our RL 999

model uses a simpler prompt since it outputs an- 1000

swers in \boxed{} format from training. 1001

H Evaluation Setup 1002

This appendix details the generation parameters 1003

and judgement criteria used for evaluation. 1004

H.1 Generation Parameters 1005

All Qwen-based models (Qwen2.5-Instruct and 1006

our SFT/RL) at both 7B and 32B scales 1007

share the same generation settings using offi- 1008

cial Qwen2.5 defaults: top_k=20, top_p=0.8, 1009

repetition_penalty=1.05. For QA bench- 1010

marks, LongBench v2, and multi-hop QA, we 1011

set temperature=0.7. For NIAH, we set 1012

temperature=0.0 following the benchmark’s de- 1013

fault deterministic setting. For reconstruction eval- 1014

uation, we use temperature=0.1 to encourage 1015

more deterministic outputs. 1016

For baseline compression models (PISCO- 1017

Llama-8B, OSCAR-Mistral-7B, OSCAR-Mistral- 1018

Small-24B), we use their official model weights 1019

and built-in generate_from_text() method. 1020

These models chunk context into ∼128 token seg- 1021
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Stage 1: Continual Pretraining Prompt

<MEM_START><PLACEHOLDER><MEM_END> ×N
{instruction}
{target}<eos>

Stage 2: Instruction Following Prompt

<|im_start|>system
You are a helpful assistant.<|im_end|>
<|im_start|>user
<MEM_START><PLACEHOLDER><MEM_END> ×N{question}<|im_end|>
<|im_start|>assistant
{answer}<|im_end|>

Stage 3: Reinforcement Learning Prompt

<|im_start|>system
You are a helpful assistant. Answer the question and output
the final answer within \boxed{}.<|im_end|>
<|im_start|>user
<MEM_START><PLACEHOLDER><MEM_END> ×N{question}<|im_end|>
<|im_start|>assistant

Figure 11: Training prompt templates across training
stages. Memory placeholders are replaced with actual
memory embeddings during forward pass. Stage 1 uses
flat sequences; Stages 2–3 use ChatML with different
system prompts. RL includes \boxed{} instruction for
structured answer extraction.

ments, compressing each into 8 embeddings (16×1022

compression). OSCAR uses query-dependent com-1023

pression where the question influences encoding.1024

Following official defaults, all compression mod-1025

els use greedy decoding. For fair comparison, we1026

also use greedy decoding for their backbone mod-1027

els (Llama-3.1-8B-Instruct for PISCO, Mistral-7B-1028

Instruct-v0.2 and Mistral-Small-24B-Instruct for1029

OSCAR).1030

H.2 Judgement Criteria1031

QA Benchmarks & LongBench v2 We employ1032

Qwen2.5-72B-Instruct as a judge to assess answer1033

correctness with the following evaluation criteria:1034

System: You are an expert evaluator for question-answering tasks.

User: You are an expert evaluator. Your task is to determine if the gener-
ated answer is correct.
=== QUESTION ===
{question}
=== GROUND TRUTH ANSWER ===
{ground_truth}
=== GENERATED ANSWER ===
{generated_answer}
=== EVALUATION TASK ===
Compare the generated answer to the ground truth answer(s) and deter-
mine if the generated answer is semantically correct. If multiple ground
truth answers are provided, the generated answer is correct if it matches
ANY ONE of them. Answer with ONLY “yes” or “no”, followed by a
brief explanation.

1035

NIAH We use Qwen2.5-72B-Instruct as the eval-1036

uation judge with a score-based criteria (1–101037

Qwen Baseline & Our SFT Model
System: You are a helpful assistant.
User: {context with needle}
User: Question: {question} Your final answer should be the complete
sentence from the original document.

Our RL Model
System: You are a helpful assistant. Answer the question and output the
final answer within \boxed{}.
User: {context with needle}
User: Question: {question} Your final answer should be the complete
sentence from the original document.

PISCO / OSCAR (Question Input)

Question: {question}
Your final answer should be the complete sentence from the original
document.

Figure 12: NIAH evaluation prompts. The needle is
inserted at varying depths within Paul Graham essays,
and models must retrieve the sentence.

Qwen Baseline & Our SFT Model
Answer the question based on the given documents. Please explicitly state
your final answer in the last line as “Answer: [your final answer]”.

The following are given documents.
{context}

Answer the question based on the given documents. Please explicitly state
your final answer in the last line as “Answer: [your final answer]”.
Question: {query}

Our RL Model
Answer the question based on the given documents.

The following are given documents.
{context}

Answer the question based on the given documents.
Question: {query}

Figure 13: Long-context multi-hop QA evaluation
prompts.

scale): 1038

Score 1: The answer is completely unrelated to the reference, the model
refuses to answer, no actual answer is provided, or the answer is nonsensi-
cal.
Score 3: The answer is marginally relevant but does not align with the
reference.
Score 5: The answer has moderate relevance but does not align with the
reference.
Score 7: The answer mostly aligns with the reference but contains clear
inaccuracies or omissions.
Score 10: The answer accurately aligns with the reference (reasonable
wording variations are acceptable).

Important:
- Any answer claiming information is unavailable or not found gets Score
1.
- Respond with only one of the following numerical scores: 1, 3, 5, 7, or
10.

1039

Long-Context Multi-Hop QA Following the 1040

setup of RULER (Hsieh et al., 2024), we use sub- 1041

span exact match for evaluation. For baseline and 1042

15



SFT models, we extract the final answer following1043

“Answer:” pattern; if extraction fails, we use the1044

last 20 words. For our RL model, we extract from1045

\boxed{}; if extraction fails, we use the last 201046

words.1047

I Training Hyperparameters1048

We provide detailed hyperparameters for all train-1049

ing stages in Tables 9 and 10. All experiments use1050

H100 80GB GPUs, with 4 GPUs for 7B models1051

and 8 GPUs for 32B models. We use DeepSpeed1052

ZeRO-3 for CPT and SFT stages, and VERL with1053

FSDP for RL training.1054

I.1 Hybrid Fine-tuning Strategy (FQLoRA)1055

We train with FQLoRA, a hybrid strategy that fully1056

fine-tunes selected transformer layers while apply-1057

ing QLoRA to the rest. This combines the expres-1058

siveness of full fine-tuning with the efficiency of1059

parameter-efficient methods.1060

We select layers at uniform intervals throughout1061

the model to ensure gradient flow across all depths.1062

For Qwen2.5-7B with 28 layers, we fully fine-tune1063

layers 0, 3, 6, 9, 12, 15, 18, 21, 24, and 27. For1064

Qwen2.5-32B with 64 layers, we fully fine-tune 231065

layers at similar intervals. We always include the1066

embedding layer and language model head.1067

As detailed in Table 9, we use different learning1068

rates (LR) for different parameter groups. LoRA1069

adapters on non-selected layers use 1e-4. Fully fine-1070

tuned layers use a lower rate of 5e-5 for CPT and1071

2e-5 for SFT, since these weights are initialized1072

from the pretrained model rather than near-zero.1073

The memory pooling projection, which is randomly1074

initialized, uses a higher rate of 3e-4 in CPT-1 and1075

2e-4 in CPT-2 to accelerate early learning. During1076

SFT, the projection layer is frozen.1077

I.2 Continual Pretraining and Supervised1078

Fine-tuning1079

Table 9 shows hyperparameters for continual pre-1080

training and supervised fine-tuning. All stages use1081

a cosine learning rate schedule with early stopping1082

based on validation loss.1083

I.3 Reinforcement Learning1084

Table 10 shows RL hyperparameters. We use1085

VERL with FSDP backend for training and vLLM1086

(Kwon et al., 2023) for rollout generation, lever-1087

aging vLLM’s prompt embeddings feature (vLLM1088

Team, 2024) to directly pass memory embeddings1089

during inference. We use DAPO, which builds on1090

Table 9: Continual pretraining (CPT) and supervised
fine-tuning hyperparameters (SFT).

Parameter CPT-1 CPT-2 SFT

Stage-specific
Full FT LR 5e-5 5e-5 2e-5
Memory Proj. LR 3e-4 2e-4 –
Global Batch Size 256/512a 128 64
Warmup Ratio 4% 3% 3%
Min LR Ratio 10% 2% 10%
Sequence Length 2048 2048 4096

Shared across stages
LoRA LR 1e-4
Weight Decay (LoRA / Full FT) 0 / 0.1
Max Grad Norm 1.0
LoRA Rank / Alpha / Dropout 64 / 16 / 0.05
Precision BF16

a 256 for 7B with 4 GPUs, 512 for 32B with 8 GPUs.

GRPO with several improvements for stable train- 1091

ing. Memory embeddings are pre-computed from 1092

the SFT checkpoint, and only the decoder is trained 1093

during RL. Additionally, we add a 25-step warmup 1094

before enabling the dynamic sampling to let the 1095

model first learn the output format. For reward 1096

modeling, we use Qwen3-32B for the 7B model 1097

and Qwen2.5-72B-Instruct for the 32B model. 1098

Table 10: Reinforcement learning hyperparameters us-
ing DAPO.

Parameter Value

Optimization
Learning Rate 1e-6
Warmup Steps 10
Batch Size 128
Mini Batch Size 64

DAPO Algorithm
Advantage Estimator GRPO
Loss Aggregation token-mean
Clip Ratio Low 0.2
Clip Ratio High 0.28
KL Coefficient 0
Entropy Coefficient 0

Dynamic Sampling
Filter Metric accuracy
Warmup Steps 25

Overlong Reward Shaping
Buffer Length 100
Penalty Factor 0.5

Generation
Rollouts per Prompt 8 to 16a

Temperature 1.0
Max Prompt Length 1024
Max Response Length 600

a 16 for 7B, 8 for 32B due to memory constraints.
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J Implicit Expansion Behavior Examples1099

We present examples of implicit expansion behav-1100

ior learned through RL. All examples use 32B mod-1101

els with 16× compression.1102

J.1 In-Distribution Examples1103

Figure 14 shows implicit expansion on a training1104

example. The model first expands actor filmogra-1105

phy to identify the film, then expands film metadata1106

to extract the director, forming a multi-hop reason-1107

ing chain by selectively unpacking information at1108

each step. Figures 1 and 15 compare RL against1109

SFT on in-distribution evaluation data.1110

These comparisons reveal a key limitation of1111

SFT. While SFT models can retrieve relevant in-1112

formation, they are prone to hallucination due to1113

detail confusion. When information is compressed,1114

related concepts become entangled, causing SFT to1115

conflate details during decoding. In Figure 1, SFT1116

hallucinates “Biberon” as Ocnus’s father instead1117

of the correct “Tiberinus, king of Alba Longa.” In1118

Figure 15, SFT identifies Rangers as the winner1119

but hallucinates the statistics (152 and 59 instead1120

of the correct 159 and 152).1121

RL addresses these issues by teaching the model1122

to expand details selectively while maintaining co-1123

herent reasoning. Rather than conflating related1124

concepts, the RL model unpacks specific facts at1125

each reasoning step, yielding more precise retrieval.1126

This expansion is targeted, reconstructing only the1127

information necessary to answer the question while1128

preserving the computational benefits of compres-1129

sion.1130

J.2 Out-of-Distribution Examples1131

Figures 16 and 17 show examples from MuSiQue,1132

a challenging multi-hop benchmark unseen during1133

training. Both examples show cases where our 32B1134

RL model succeeds while the full-context Qwen2.5-1135

32B-Instruct baseline fails. As discussed in Sec-1136

tion 5, compression may act as information distil-1137

lation that filters noise and surfaces task-relevant1138

content, aiding multi-hop reasoning.1139
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Question: Who directed the film which had Luke Goss playing the role of Jared Nomak?

Response: To determine who directed the film in which Luke Goss played the role of Jared Nomak, we need to identify the film
where he took on this role. From the provided information:

“Luke Damon Goss (born 29 September 1968) is an English actor and former member of late 1980s band Bros. He has appeared
in numerous films including “Blade II” (2002) as Jared Nomak, “One Night with the King” (2006) as King Xerxes, “Hellboy II:
The Golden Army” (2008) as Prince Nuada, “Tekken” (2010) as Steve Fox and “Interview with a Hitman” (2012) as Viktor.”
From this, we can see that Luke Goss played Jared Nomak in “Blade II” (2002). To find the director of “Blade II,” we refer to the
information provided about “Blade II”:

“Blade II is a 2002 American superhero horror film based on the fictional Marvel Comics character Blade. It is the sequel of the
first film and the second part of the “Blade” film series. It was written by David S. Goyer, who also wrote the previous film,
directed by Guillermo del Toro, and had Wesley Snipes returning as the lead character and producer.”
Therefore, the director of “Blade II” is Guillermo del Toro.

Answer: Guillermo del Toro

Figure 14: Multi-hop reasoning example: The model first expands actor filmography from compressed context to
identify the film, then expands film metadata to extract the director.

Question: Who has won the most Old Firm games?

Ground Truth: Rangers have won 159 matches

32B RL (16×) — Correct

According to the information provided in the Wikipedia
excerpt, Rangers have won the most Old Firm games.
Specifically, the table states:

“Most wins: Rangers (159)”
Additionally, the text mentions that “Rangers have won 159
matches, Celtic 152 matches and 98 ended in a draw.”
Therefore, the answer is:

Rangers (159 wins)

32B SFT (16×) — Incorrect

Based on the information provided in the passage, Rangers
have won the most Old Firm games:
Rangers and Celtic have played each other 409 times in major
competitions: Rangers have won 152 matches, Celtic 59
matches and 192 ended as a draw.
So Rangers have won 152 of the 409 Old Firm games played
between the two clubs.
Rangers (152 wins)

Figure 15: Natural Questions Example. The 32B RL model accurately extracts the correct statistic (159 wins)
from the compressed context, citing both the summary table and detailed text. The SFT model fabricates incorrect
statistics (Rangers 152 wins, Celtic 59 wins, and 192 draws) that do not match the source text, demonstrating
imprecise information retrieval from compressed representations.
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Question: In what region of the country where An Phu is located is John Phan’s birthplace?

Ground Truth: South Central Coast

32B RL (16×) — Correct

To determine the region of the country where John Phan’s
birthplace is located, we need to identify the relevant
information from the provided texts.
1. Identify An Phú’s location: “An Phú District is a district
of An Giang Province in the Mekong Delta region of Vietnam
on the border with Cambodia.”
2. Identify John Phan’s birthplace: “John Phan (born
October 10, 1974 in Da Nang, Vietnam) is a
Vietnamese-American professional poker player based in
Stockton, California.”
From this information, we know that An Phú is located in the
Mekong Delta region of Vietnam. However, we need to find
out which region Da Nang, John Phan’s birthplace, is located
in.
3. Determine Da Nang’s region: “South Central Coast is
one of the regions of Vietnam. It consists of the independent
municipality of Da Nang and seven provinces.”
Therefore, John Phan’s birthplace, Da Nang, is located in the
South Central Coast region of Vietnam.

South Central Coast region of Vietnam

Qwen2.5-32B-Instruct — Incorrect

Based on the information provided:

• An Phú District is located in the Mekong Delta region
of Vietnam.

• John Phan was born in Da Nang, Vietnam.

Da Nang is located in Central Vietnam, not in the Mekong
Delta region where An Phú District is located. Therefore,
John Phan’s birthplace (Da Nang) is in a different region of
Vietnam compared to where An Phú District is located.

Figure 16: MuSiQue Example 1. The 32B RL model correctly parses the question structure, recognizing that
“the country where An Phu is located” establishes Vietnam as context, while the actual query asks for the region
containing John Phan’s birthplace (Da Nang). The model traces: (1) An Phu → Vietnam, (2) John Phan → Da
Nang, (3) Da Nang → South Central Coast. The baseline misinterprets the question as comparative, asking whether
Da Nang and An Phu share the same region.

Question: In the state that includes Walnut Spring, what’s the typical winter daytime temperature range in the region of
Richmond?
Ground Truth: upper 40s–lower 50s °F

32B RL (16×) — Correct

To determine the typical winter daytime temperature range in
the region of Richmond, we need to identify the state that
includes Walnut Spring and then find the relevant information
about Richmond’s climate.
1. Identify Walnut Spring’s state: “Walnut Spring is a
historic home located near Kanodes Mill, Montgomery
County, Virginia.”
This indicates that Walnut Spring is located in Virginia.
2. Identify Richmond’s region: “Richmond is located in the
Piedmont region of Virginia, at the highest navigable point of
the James River.”
3. Find winter temperature data: “In the winter,
temperatures are typically in the upper 40s–lower 50s °F
(8–12 °C) during the day and often dropping below the
freezing point at night.”
Therefore, the typical winter daytime temperature range in
the region of Richmond is upper 40s–lower 50s °F.

upper 40s–lower 50s °F (8–12 °C)

Qwen2.5-32B-Instruct — Incorrect

Based on the information provided, we don’t have specific
winter temperature data for the region around Walnut Spring.
However, we do have climate details for Richmond, Virginia,
which is located in the same state (Virginia) and is also
situated in the Piedmont region.
From the Richmond, Virginia section:

“Winters are cool, with January averaging 35.5 °F (2 °C).”
While this gives us the average January temperature, it
doesn’t specify a range. However, we can make an educated
guess based on typical Piedmont winter temperatures.
Generally, in the Piedmont region of Virginia during winter:

• Daytime highs: around 35–55°F

• Nighttime lows: around 20–40°F

Figure 17: MuSiQue Example 2: The 32B RL model correctly extracts the explicit “upper 40s–lower 50s °F”
daytime temperature from the compressed context. The baseline confuses mean daily temperature (35.5°F) with
daytime highs, then extrapolates an incorrect range. This demonstrates the RL model’s superior ability to precisely
extract and apply relevant information from compressed representations.
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