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Abstract001

The integration of extensive, dynamic knowl-002
edge into Large Language Models (LLMs) re-003
mains a significant challenge due to the inher-004
ent entanglement of factual data and reasoning005
patterns. Existing solutions, ranging from non-006
parametric Retrieval-Augmented Generation007
(RAG) to parametric knowledge editing, are of-008
ten constrained in practice by finite context win-009
dows, retriever noise, or the risk of catastrophic010
forgetting. In this paper, we propose DRIFT, a011
novel dual-model architecture designed to ex-012
plicitly decouple knowledge extraction from013
the reasoning process. Unlike static prompt014
compression, DRIFT employs a lightweight015
knowledge model to dynamically compress016
document chunks into implicit fact tokens con-017
ditioned on the query. These dense representa-018
tions are projected into the reasoning model’s019
embedding space, replacing raw, redundant text020
while maintaining inference accuracy. Exten-021
sive experiments show that DRIFT significantly022
improves performance on long-context tasks,023
outperforming strong baselines among compa-024
rably sized models. Our approach provides a025
scalable and efficient paradigm for extending026
the effective context window and reasoning ca-027
pabilities of LLMs. Our code and data will be028
made public upon publication.029

1 Introduction030

The applicability of Large Language Models031

(LLMs) to knowledge-intensive tasks is limited032

by the static nature of their pre-training data. To033

address this limitation, prior work has explored034

two complementary strategies.The first focuses on035

augmenting the input context, while the second036

emphasizes knowledge parameter editing.037

Traditional input augmentation via RAG or long-038

context prompting is increasingly constrained by039

the “retriever’s ceiling” and the quadratic computa-040

tional costs of processing long sequences. Neural041

compression methods (e.g., COCOM (Rau et al.,042

2024), C3 (Liu and Qiu, 2025)) attempt to mitigate 043

this by distilling text into latent representations; 044

however, as they primarily focus on static com- 045

pression, task-critical information relevant to the 046

query is frequently lost. Conversely, internaliz- 047

ing knowledge through direct parametric updates, 048

such as fine-tuning or knowledge editing, often 049

disrupts the inherent coupling between a model’s 050

internal knowledge and its reasoning logic, while 051

also risking catastrophic forgetting. While modular 052

approaches like MLP Memory (Wei et al., 2025) of- 053

fer a plug-and-play alternative, they remain bound 054

to pre-indexed resources and struggle to handle 055

instantaneous, unseen long-context inputs in real- 056

time. 057

To address these challenges, we introduce 058

DRIFT, a dual-model architecture that decouples 059

context processing from core reasoning. In this 060

framework, a lightweight knowledge model ex- 061

tracts query-relevant information from document 062

chunks and compresses it into high-density im- 063

plicit fact tokens within a latent space. These 064

tokens serve as concise, knowledge-rich represen- 065

tations that are projected into a larger reasoning 066

model’s embedding space. The reasoning model 067

can perform sophisticated inference efficiently 068

based on this compact factual context instead of raw 069

text, even in long-context or knowledge-intensive 070

scenarios. By delegating the processing of redun- 071

dant background knowledge to the knowledge mod- 072

ule, this design allows the reasoning model to re- 073

main unburdened by raw context, focusing instead 074

on "clean" and deep inference through the distilled 075

factual representations. 076

Our main contributions are as follows: 077

• A Decoupled Inference Paradigm for Large 078

Language Models: We propose a dual-model 079

framework that decouples knowledge extrac- 080

tion from reasoning. A lightweight knowl- 081

edge model encodes query-relevant informa- 082
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tion into compact fact tokens, which are con-083

sumed by a larger reasoning model for in-084

ference. Compared with directly processing085

long contexts, DRIFT improves performance086

while substantially reducing inference latency,087

achieving an average 7× speedup on 256k-088

token documents.089

• Expanding Effective Context Window with090

High-Ratio Compression: By encoding ex-091

tensive textual knowledge into compact fact092

tokens, our framework significantly extends093

the model’s usable context window. Specifi-094

cally, our DRIFT model (based on Mistral 7B)095

achieves a 32× compression ratio while im-096

proving accuracy from 20.87% to 27.54%097

on the LongBench v2 benchmark, demon-098

strating superior reasoning capabilities with099

substantially reduced time overhead. Further-100

more, even under more aggressive compres-101

sion settings (64× and 128×), DRIFT re-102

mains highly competitive, indicating strong103

robustness to extreme compression ratios.104

• Comprehensive Empirical Analysis and Re-105

source Contribution: We construct a large-106

scale Document–QA–Evidence dataset with107

fine-grained supervision, comprising over108

300K instances and documents ranging from109

1K to 8K tokens. We further conduct exten-110

sive ablation studies and quantitative evalua-111

tions, rigorously validating the framework and112

demonstrating its robustness.113

2 Related Work114

2.1 Prompt Compression115

Directly feeding new knowledge as context into116

Large Language Models (LLMs) is constrained117

by limited context windows and incurs significant118

overhead in both memory and computation. To119

mitigate these issues, various prompt compression120

methods have been proposed, which generally fall121

into two paradigms: Hard Compression and Soft122

Compression.123

Hard Compression (Token Selection). Hard124

compression methods, also known as token prun-125

ing or selection, aim to reduce input length by dis-126

carding tokens deemed less informative. Early ap-127

proaches like Selective Context (Li et al., 2023)128

utilize self-information or perplexity metrics to fil-129

ter out redundancy. More advanced frameworks,130

such as LongLLMLingua (Jiang et al., 2024) and 131

LLMLingua-2 (Pan et al., 2024), perform prompt 132

compression via task-aware coarse-to-fine filtering 133

and distillation-based token selection, respectively. 134

Despite these advancements, hard compression ap- 135

proaches inherently limit the model’s reasoning 136

potential. They irreversibly discard information 137

and rely on rigid, locally made retention decisions 138

that often fail to preserve the global semantic 139

structure required for reliable complex reasoning. 140

Soft Compression (Latent Representation). 141

Early soft compression approaches, such as Au- 142

toCompressor, Gist Tokens, and ICAE, integrate 143

compression and reasoning within a single lan- 144

guage model. While effective for moderate con- 145

text reduction, this tightly coupled design makes 146

it difficult for a single model to simultaneously 147

excel at both high-fidelity compression and com- 148

plex reasoning, particularly under extreme com- 149

pression ratios. To address this limitation, sub- 150

sequent work explores decoupling compression 151

from reasoning. Methods such as xRAG (Cheng 152

et al., 2024) and COCOM (Rau et al., 2024) build 153

upon the Retrieval-Augmented Generation (RAG) 154

paradigm by compressing retrieved documents into 155

compact latent representations before passing them 156

to the language model. Although effective in re- 157

ducing input length, these approaches remain fun- 158

damentally constrained by the retrieval stage and 159

inherit the upper-bound limitations of RAG sys- 160

tems. Beyond RAG-based compression, E2LLM 161

(Liao et al., 2025) employs a lightweight encoder 162

to compress long inputs into latent representations 163

for downstream LLM reasoning, though the model 164

weights are not publicly released, limiting repro- 165

ducibility and practical adoption. Context Cascade 166

Compression (C3) (Liu and Qiu, 2025) demon- 167

strates strong compression fidelity but lacks task- 168

specific adaptation for downstream reasoning. As 169

a result, a gap remains between compressed repre- 170

sentation understanding and effective reasoning. 171

However, most existing soft compression meth- 172

ods operate in a static and query-agnostic manner, 173

producing generic compressed representations that 174

often fail to preserve task-critical information un- 175

der high compression ratios. In contrast, DRIFT 176

adopts a dynamic, query-conditioned compres- 177

sion strategy that selectively encodes relevant in- 178

formation, enabling effective reasoning even un- 179

der extreme compression ratios in knowledge- 180

intensive scenarios. 181
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2.2 Learned Memory182

nother line of work introduces learned paramet-183

ric memory modules, such as Memory Decoder184

(Cao et al., 2025) and MLP Memory (Wei et al.,185

2025), which store knowledge in trainable param-186

eters and are often pretrained to emulate retrieval187

behavior. These methods reduce inference latency188

without modifying the underlying model parame-189

ters, thereby preserving general reasoning capabil-190

ities. However, these architectures are inherently191

static-resource bound: they rely on pre-indexing192

or offline training on fixed knowledge bases, ren-193

dering them incapable of handling instantaneous,194

long-context inputs in real-time. Moreover, as these195

modules are often pre-trained to emulate or com-196

press retriever behaviors, their inference dynamics197

remain tethered to the limitations of the original198

retrieval paradigm.199

3 Methodology200

Our proposed strategy encourages the knowledge201

model to perform information-adaptive compres-202

sion, rather than static compression. This compels203

the model to first identify and abstract core informa-204

tional content before encoding it into a compressed205

semantic representation. As a result, the model206

learns to prioritize semantically meaningful content207

over superficial token patterns, leading to improved208

generalization and robustness in downstream tasks.209

3.1 Bucketed Compression: Beyond210

Fixed-Ratio Compression211

Most existing context compression methods adopt212

a fixed-ratio strategy, where the number of com-213

pressed tokens is strictly proportional to the input214

length (e.g., compressing 128 input tokens into 16215

output tokens for an 8:1 ratio). However, such216

a design implicitly assumes that informative con-217

tent is evenly distributed across the input, which218

rarely holds in real-world tasks. The amount of219

query-relevant information within a given context220

is always unknown and varies in token length. Cer-221

tain tokens (such as numbers, named entities, main222

verbs, and constraint-related words) carry a large223

amount of task-relevant information, whereas re-224

dundant modifiers and generic, content-free sen-225

tences contribute little to understanding the context.226

For example, in document-grounded QA or long-227

form reasoning, a few critical sentences may carry228

the majority of the answer-relevant information.229

This fixed-ratio compression can thus become230

fragile in scenarios where the input contains sparse 231

but crucial evidence. Moreover, training a model 232

to uniformly compress variable-length sequences 233

may encourage shortcut learning (e.g., positional 234

bias, over-averaging), hindering semantic abstrac- 235

tion. To address this, we propose a Bucketed Com- 236

pression strategy that shifts from ratio-based com- 237

pression to range-based compression. Instead of 238

computing the number of output tokens as a fixed 239

fraction of the input, we predefine token-length 240

buckets (e.g., 64–128, 128–256), and map each in- 241

put in a bucket to a fixed-size output based on the 242

upper bound of that range. 243

To make the distinction clear, we present a direct 244

comparison of the two strategies in formulaic form, 245

under the assumption of a compression ratio c: 246

ξuniform =
⌈
n
c

⌉
, ξbucket =

⌈
b(n)
c

⌉
247

where b(n) denotes the upper bound of the bucket 248

containing n tokens. 249

3.2 DRIFT: Decoupled Reasoning with 250

Implicit Fact Tokens 251

The core idea of DRIFT is to modularize and ex- 252

plicitly separate knowledge reading and reason- 253

ing. Specifically, a small-scale knowledge model 254

(ψkno) is responsible for reading long documents 255

and compressing them into query-relevant infor- 256

mation, while a large-scale reasoning model ψkno 257

focuses on utilizing this compressed knowledge to 258

perform complex reasoning and generate answers. 259

The interaction between the two models is real- 260

ized in the latent space, which reduces redundancy 261

and mitigates the risk of irrelevant noise interfering 262

with the reasoning process. 263

To facilitate a clear understanding of our method, 264

the overall workflow of DRIFT is depicted in 265

Figure 1. We first define a document as X = 266

(x1, . . . , xn), where n is the number of tokens 267

in the document. For long input contexts, a 268

systematic document chunking strategy was em- 269

ployed within the DRIFT framework. We utilized 270

the RecursiveCharacterTextSplitter from the 271

LangChain framework (Contributors, 2024) for this 272

purpose. This recursive approach was adopted to 273

ensure optimal semantic coherence by prioritizing 274

natural delimiters (e.g., paragraphs and sentences). 275

X
Split−−→ C = (C1, C2, . . . , CK). (1) 276

Given a query Q, we append a fixed number of 277

<|CPS|> tokens to each chunkCj and process them 278
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Figure 1: The overall workflow of DRIFT. DRIFT implements knowledge compression and decoupled reasoning
in four steps. Step 1: The long document X is recursively partitioned into semantically coherent chunks to preserve
structural integrity. Step 2: The small knowledge model ψkno compresses query-relevant information from each
chunk in parallel into latent implicit fact tokens TJ . Step 3: The latent tokens are concatenated and mapped by an
MLP projector π to align with the reasoning model’s embedding space. Step 4: The large reasoning model θrea
generates the final response by performing efficient inference on the concatenated embeddings.

in parallel with the knowledge model ψkno, using279

the last-layer hidden states of these compression280

tokens as the latent representation Tj .281

ψkno : (Cj , Q) → Tj ∈ Rξj×d. (2)282

Finally, the outputs from all chunks are concate-283

nated in the original order to yield the global se-284

quence of implicit fact tokens, denoted T .285

T = Concat(T1, . . . , TK) = [t1, . . . , tξ] ∈ Rξ×d,
(3)286

where ξ =
∑K

j=1 ξj ≪ N .287

Implementation Note: During concatenation, a288

double newline separator (\n\n) is inserted be-289

tween adjacent sub-sequences Tj and Tj+1 to mark290

chunk boundaries. We define Ti ∈ Rd as implicit291

fact tokens, and d denotes the hidden state dimen-292

sionality. These tokens encapsulate essential in-293

formation from the input and serve as continuous294

latent units for the reasoning model.295

In the next step, a three-layer MLP projector296

π maps the implicit fact tokens into implicit fact297

embeddingsE = (e1, e2, . . . , eξ), thereby aligning298

them with the embedding space of the reasoning299

model. These embeddings, together with the query300

embeddings E(Q), are subsequently fed into the 301

reasoning model for downstream inference. 302

θrea : Concat(E,E(Q)) → Response (4) 303

The Response denotes the thoughts and the final 304

answer generated by the reasoning model. 305

This approach not only substantially reduces 306

GPU memory consumption but also frees the rea- 307

soning model from processing lengthy documents 308

filled with irrelevant information. 309

3.3 Task Definition 310

To more effectively achieve the decoupling of 311

knowledge and reasoning, we decompose the train- 312

ing of DRIFT into three distinct stages, each opti- 313

mized for a different objective, as shown in Figure 314

2. 315

3.3.1 Latent Fact Reconstruction Pretraining 316

(LFRP) 317

We redefine the pretraining objective such that the 318

reasoning model is used only as a frozen decoder 319

to provide a reconstruction signal, while the knowl- 320

edge model is optimized to generate latent factual 321

representations that best support document recon- 322

struction. 323
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Document Document Document Query Query
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Document 

…Marie Curie was a renowned scientist known for her groundbreaking research on 
radioactivity. She discovered two new chemical elements, polonium and radium, through
years of work. Her achievements earned her two Nobel Prizes in different scientific fields…

Query

Which elements did Marie Curie discover?

Evidence

She discovered two new chemical elements, polonium and radium.

Answer

polonium and radium.

Trainable Frozen Small Knowledge Model Large Reasoning Modelψkno θrea

ψkno ψkno ψkno

𝓛 𝓛 𝓛

Figure 2: Three different trainging tasks for DRIFT. The instructions in the figure include the dynamic compression
instruction, reconstruct instruction, answer instruction, and static compression instructio.

For the knowledge model, this compression is324

static because it is query-independent. We set the325

static compression ratio csta to 8. After applying326

the bucketed compression strategy, we obtain ξsta,327

denoting the number of implicit fact tokens.328

Given a document x consisting of n tokens,329

X = (x1, x2, . . . , xn), the knowledge model pro-330

duces latent fact tokens conditioned on a static com-331

pression instruction Ista:332

Tsta = [t1, t2, . . . , tξsta ] = ψkno(Ista, x1, x2, . . . , xN ).
(5)333

These implicit fact tokens are projected into fact334

embeddings via a projector module π:335

Esta = π(Tsta) = (e1, e2, . . . , eξsta). (6)336

The reasoning model, parameterized by θr, re-337

mains frozen during this pretraining stage. It re-338

ceives a reconstruction instruction Irec and predicts339

each token conditioned on the fact embeddings and340

previously generated tokens:341

L(ψkno, π) = −
∑
xt∈X

logPθrea(xt | Irec, E, x<t), (7)342

Thus, although the loss is computed using the343

frozen reasoning model, gradients are only back-344

propagated through Esta into the projector π and345

the knowledge model ψkno. This teaches the knowl-346

edge model to produce latent factual representa-347

tions that are maximally useful for reconstructing348

the original document.349

3.3.2 Query-Aware Fine-Tuning (QAFT) with 350

Single-Context 351

Through the pretraining objective described above, 352

the knowledge model acquires the ability to encode 353

factual knowledge into a latent space, while the rea- 354

soning model learns to understand the implicit fact 355

embeddings. To further adapt the framework for 356

downstream tasks, we introduce an additional train- 357

ing objective that incorporates query inputs. This 358

objective is designed to encourage the knowledge 359

model to implicitly extract and compress query- 360

relevant knowledge into the latent space, and to 361

enable the reasoning model to perform question an- 362

swering by leveraging the information encoded in 363

the implicit fact embeddings. We train the models 364

on QA datasets, including reading comprehension, 365

fact verification and open-domain question answer- 366

ing. 367

To better train toward this objective, we per- 368

form two fine-tuning tasks in sequence: first a 369

dynamic compression task, followed by a question- 370

answering task. 371

Dynamic Compression Task In the pretraining 372

task, the knowledge model learns to perform static 373

compression of the context. Now, we aim to train 374

the model to acquire query-aware dynamic com- 375

pression capability. 376

In training dataset, each question-answer pair is 377

annotated with supporting evidence. We design a 378

dynamic compression task using the context and 379
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question-evidence pairs: a knowledge model ex-380

tracts query-specific information from the context381

into a latent space (implicit fact tokens), while a rea-382

soning model reconstructs the evidence from these383

tokens. By leveraging the sparsity of query-relevant384

information within the context, dynamic compres-385

sion can safely achieve a significantly higher com-386

pression ratio than static approaches. The default387

dynamic compression ratio is set to 32.388

We use the instruction Idyn to ask the knowledge389

model to extract question-relevant knowledge from390

the document and encodes it into a set of implicit391

fact tokens in the latent space. Conditioned on the392

input query Q, the knowledge model ψkno generates393

a sequence of question-aware implicit fact tokens394

Tdyn.395

The reconstruction performed by the reasoning396

model under instruction Irec remains analogous to397

the pre-training stage. However, we diverge by re-398

stricting the reconstruction target to the evidence in-399

stead of the complete original text. This mechanism400

employs the evidence as the supervisory signal, ex-401

plicitly training the knowledge model to develop402

dynamic compression capabilities.403

Given a document X = (x1, x2, . . . , xn) and404

a question Q = (q1, q2, . . . , qm), the knowledge405

model ψk performs dynamic compression on X406

conditioned on Q.:407

Tdyn = (t1, t2, . . . , tξdyn) = ψkno(Idyn, X,Q) (8)408

These latent tokens are then projected into the409

final fact embeddings Edyn = (e1, e2, . . . , eξdyn)410

via the projector module π. The reasnoning model411

still keeps fixed and is asked to reconstruct the412

evidence Xevi:413

L(ψkno, π) = −
∑

xk∈Xevi

logPθrea(xk | Irec, Edyn, x<k)

(9)414

Question-answering Task This task is the only415

one in which the reasoning model is not frozen dur-416

ing training, enabling it to better exploit the com-417

pressed context for downstream tasks. We perform418

fine-tuning by updating the models solely based on419

the target answers.420

The generation ofEdyn leverages the same mech-421

anism as the Dynamic Compression Task, imple-422

mented by the Knowledge model and projector.423

Then we instruct the reasoning model with Ians to424

generate the answer of the question based on the425

fact embeddings. We denote the answer sequence426

as A = (a1, a2, . . . , al).427

We define the training objective as the standard 428

language modeling loss. Our formulation is largely 429

analogous to instruction tuning (Wei et al., 2022), 430

with the key distinction that the context presented 431

to the reasoning model is transformed from the ex- 432

plicit text tokens to the implicit fact embeddings 433

produced by the knowledge model. The question 434

embedding is represented by E(Q). We minimize 435

the following loss to optimize the model parame- 436

ters: 437

L(θrea, ψkno) = −
∑
aj∈A

logPθrea

(
aj | Ians, Edyn, E(Q), a<j

)
(10) 438

3.4 Multi-Context Inference without 439

Fine-Tuning 440

We find that DRIFT, fine-tuned solely in the 441

single-context setting via QAFT, generalizes ef- 442

fectively to multi-context inference without requir- 443

ing any additional multi-context training. Specif- 444

ically, to process extensive contexts, we em- 445

ploy an overlapping chunking strategy utilizing 446

RecursiveCharacterTextSplitter. We set the 447

chunk size to 8,192 tokens, aligning with the maxi- 448

mum document length used during training. These 449

chunks are then dynamically compressed in parallel 450

by the knowledge model. 451

3.5 Training Data 452

We use the English Wikipedia snapshot dated 453

November 1, 2023, treating each entry as a doc- 454

ument and its text field as the raw training content. 455

Since longer input documents make model train- 456

ing and convergence more challenging, we adopt 457

a token-level curriculum learning strategy across 458

all three training tasks, with phases defined by in- 459

put document length. Details of the construction 460

procedures for LFRP and QAFT, as well as the 461

curriculum learning partitions, are provided in Ap- 462

pendix A. 463

4 Experiments 464

4.1 Implement Details 465

For the knowledge–reasoning setup, we fix 466

Qwen2.5-Instruct-3B as the knowledge model and 467

evaluate reasoning models from different fam- 468

ilies, including Mistral(Jiang et al., 2023) and 469

Qwen2.5(Qwen et al., 2025), with Mistral-7B- 470

Instruct-v0.2 as the default DRIFT backbone. We 471

further explore additional configurations, such as 472

smaller knowledge models (1.5B) and larger rea- 473

soning models (14B). All models are trained using 474
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parameter-efficient fine-tuning with LoRA across475

all tasks, and results for broader model combina-476

tions, along with detailed training hyperparameters,477

are provided in the appendix.478

RQ1: To what extent do the latent representa-479

tions capture and preserve the essential infor-480

mation of the original context?481

To assess whether the knowledge model can482

compress long contexts with minimal information483

loss, we evaluate the reconstruction fidelity of the484

learned latent representations before downstream485

reasoning. Specifically, after training on the LFRP486

task, we conduct a compression–reconstruction ex-487

periment on a test subset with input lengths rang-488

ing from 512 to 1024 tokens, where the reasoning489

model reconstructs the original text conditioned490

solely on the compressed representations produced491

by the knowledge model. Reconstruction quality492

is measured using BLEU and ROUGE (ROUGE-493

1/2/L) scores.494

Models BLEU R-1 R-2 R-L

DRIFT after LFRP Mistral-7B 90.01 94.95 93.93 94.75
Qwen2.5-7B 83.43 86.60 84.13 88.80

DRIFT before LFRP Mistral-7B 0.01 1.63 0.07 1.46
Qwen2.5-7B 0.00 6.32 0.65 4.52

Note: R-1/2/L stands for ROUGE-1/2/L scores. Scores are scaled by 100.

Table 1: Performance evaluation of the reconstruction
task across different model configurations.

As illustrated in Table 1, the compres-495

sion–reconstruction task achieves strong perfor-496

mance across all model combinations following the497

LFRP training phase. This indicates that after train-498

ing, the knowledge model effectively compresses499

the input content and the reasoning model accu-500

rately interprets the compressed representations.501

RQ 2: How does DRIFT compare to representa-502

tive baselines in terms of overall effectiveness in503

long-context reasoning scenarios?504

Benchmarks To evaluate DRIFT across diverse505

long-context scenarios, we employ several repre-506

sentative benchmarks. BAMBOO (Dong et al.,507

2024) serves as a comprehensive suite for testing508

extended context capabilities through tasks like509

question answering and code completion. L-Eval510

(Yuan et al., 2025) provides a balanced evaluation511

of single-hop and multi-hop reasoning across vary-512

ing document lengths up to 256K tokens while513

minimizing knowledge leakage. LongBench-v2514

(Bai et al., 2025) consists of challenging multiple-515

choice questions requiring multi-document under-516

standing and structured data reasoning across con- 517

texts reaching millions of words. Finally, LoCoMo 518

(Maharana et al., 2024) focuses on long-term con- 519

versational memory, probing the model’s ability to 520

perform temporal reasoning and event summariza- 521

tion over multi-session dialogue histories. 522

Metrics For quantitative assessment, we utilize 523

two primary metrics. For datasets involving closed- 524

ended questions or multiple-choice tasks, we em- 525

ploy an LLM-Judge to compute accuracy, provid- 526

ing a more robust semantic evaluation than literal 527

matching. For summarization-oriented tasks, we 528

report ROUGE-L scores to measure the similar- 529

ity between generated responses and ground-truth 530

references based on the Longest Common Subse- 531

quence. 532

Baselines We compare DRIFT against a diverse 533

set of baseline methods categorized by their com- 534

pression and retrieval paradigms. For hard com- 535

pression, we select LLMLingua-2 to represent 536

lexical-level token pruning. For soft compression, 537

we evaluate several latent-space models includ- 538

ing ICAE, COCOM, and xRAG. Additionally, 539

we implement a NaiveRAG baseline utilizing the 540

BGE-M3 embedding model for document retrieval. 541

The Mistral-7B-v0.2 model serves as our primary 542

vanilla backbone to provide a performance lower 543

bound without external enhancements. 544

Results and Analysis Table 2 demonstrates 545

that DRIFT consistently outperforms existing 546

compression-based baselines across diverse long- 547

context benchmarks, particularly under high com- 548

pression ratios. With the same Mistral backbone, 549

DRIFT sets a new state of the art over existing 550

compression-based methods. Notably, on task- 551

oriented summarization benchmarks (QMSUM 552

and SPACE) and the LoCoMo conversational 553

memory benchmark—where prior compression ap- 554

proaches largely fail—DRIFT remains effective, 555

highlighting its superior ability to preserve and ex- 556

ploit long-range contextual information. 557

RQ3: How does each training objective con- 558

tribute to the overall performance of DRIFT? 559

DRIFT incorporates three distinct training objec- 560

tives: LFRP, QAFT-DC, and QAFT-QA. To justify 561

the necessity of this multi-stage design and quantify 562

the contribution of each component, we conduct 563

a comprehensive ablation study across three long- 564

context benchmarks. 565

As shown in Table 3, each training objective in 566
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Model
Comp.
Ratio

BAMBOO (16k) L-Eval (QA Subset) L-Eval (Sum Subset) LoCoMo LongBench-v2

AltQA Meet Paper
Avg

NQ NarQA Crse
Avg

QMS SPC
Avg

T1 T2 T3 T4
Avg

Short Medium Long
Avg

Baseline Methods based on Mistral-7B-v0.2

LLMLingua-2 3× 40.00 75.00 76.77 57.89 77.98 33.18 64.53 58.56 19.37 18.86 19.12 46.81 27.41 48.96 76.93 59.35 26.11 13.95 25.00 20.68

NaiveRAG – 34.50 79.00 75.76 55.89 72.48 21.50 63.37 52.45 19.61 18.11 18.86 45.04 24.61 41.67 73.48 56.10 17.78 26.05 25.00 22.86

xRAG 128× 25.00 68.00 57.58 43.86 56.88 12.62 50.58 40.03 18.06 12.34 15.20 20.57 6.23 34.38 32.10 24.74 31.11 25.58 25.00 27.43

ICAE 4× 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 1.67 0.00 0.00 0.59

COCOM 4× 30.50 60.00 47.47 42.11 61.47 9.81 53.49 41.59 9.15 7.79 8.47 9.93 1.87 27.08 10.34 9.55 27.22 23.26 34.26 27.04

16× 25.50 49.00 41.41 35.34 53.21 8.88 55.81 39.30 7.78 5.37 6.58 11.35 1.87 25.00 10.11 9.55 27.78 23.26 34.26 27.24

128× 15.00 40.00 36.36 26.57 40.37 5.61 39.53 28.50 8.71 4.79 6.75 12.06 1.56 30.21 8.32 8.96 29.44 21.40 34.26 27.04

DRIFT based on Mistral-7B-v0.2

DRIFT (Ours) 32× 41.50 80.00 77.78 60.15 69.72 27.10 61.05 52.62 21.59 19.75 20.67 36.88 23.99 33.33 80.38 57.73 32.22 28.84 25.00 29.22
64× 36.00 82.00 82.83 59.15 70.64 24.77 58.72 51.38 21.95 19.49 20.72 34.75 16.82 42.71 74.67 53.31 26.67 29.77 19.44 26.44
128× 36.00 77.00 78.79 56.89 71.56 17.29 60.47 49.77 20.69 19.14 19.92 30.14 17.13 36.46 72.06 50.71 32.22 24.65 19.44 26.24

DRIFT based on Qwen2.5-Instruct-7B

DRIFT (Ours) 32× 37.00 81.00 84.85 59.90 80.73 27.10 76.16 61.33 22.66 19.01 20.84 42.55 27.73 40.62 85.49 62.79 36.67 28.37 33.33 32.41

Vanilla LLM

Mistral-7B-v0.2 1× 40.00 75.00 76.77 57.89 79.82 31.78 65.12 58.91 19.32 18.90 19.11 46.81 27.73 48.96 76.81 59.35 25.00 16.28 23.15 20.87

Qwen2.5-Instruct-7B 1× 36.00 78.00 82.83 58.15 80.73 33.18 75.58 63.16 20.74 18.50 19.62 48.23 38.01 46.88 85.14 66.17 41.11 26.05 24.07 31.01

Table 2: Main results of DRIFT and other baseline methods on long context datasets.

Method Bamboo LongBenchv2 LoCoMo

DRIFT (32×) 59.40 28.43 57.79
w/o LFRP 57.64↓1.76 26.84↓1.59 52.68↓5.11

w/o QAFT-DC 56.64↓2.76 25.84↓2.59 57.36↓0.43

w/o QAFT-QA 45.14↓14.26 18.05↓10.38 36.89↓20.90

Note: QAFT-DC denotes the QAFT Dynamic Compression
objective, and QAFT-QA denotes the QAFT Question Answer-
ing objective.

Table 3: DRIFT ablation results (avg. accuracy).

DRIFT serves a unique purpose: QAFT-QA pro-567

vides the fundamental reasoning backbone, while568

LFRP and QAFT-DC further optimize the latent569

space efficiency and robustness.570

RQ4: Does DRIFT maintain competitive infer-571

ence efficiency compared to classical baselines?572

Efficiency is a critical bottleneck for long-573

context reasoning. We conduct an end-to-end Time-574

to-First-Token (TTFT) analysis to evaluate whether575

DRIFT maintains its performance advantages with-576

out incurring prohibitive computational costs as577

the input scale grows. The end-to-end Token-to-578

First-Token (TTFT) measures the latency from pro-579

viding both the input documents and the query to580

the system until the first output token is generated.581

This metric directly captures the practical respon-582

siveness of long-context reasoning systems under583

realistic inference settings.584

Figure 3 shows that DRIFT maintains competi-585

tive efficiency across all baselines. Notably, the586

performance gap between DRIFT and the Full-587

Context baseline widens significantly as the input 588

length increases, demonstrating DRIFT’s superior 589

scalability for ultra-long sequences. 590

Figure 3: End-to-end TTFT as a function of input length
for different baselines.

5 Conclusion 591

In this paper, we introduced DRIFT, a dual-model 592

architecture designed to decouple factual knowl- 593

edge acquisition from general reasoning in LLMs. 594

Input documents are segmented into chunks, com- 595

pressed into high-density fact embeddings by a 596

lightweight knowledge model, and interpreted by a 597

larger reasoning model. Experimental results and 598

ablation studies demonstrate the effectiveness of 599

DRIFT and the necessity of each training task. The 600

method also generalizes well across different com- 601

pression ratios and backbone models, highlighting 602

its robustness and practical applicability. 603
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6 Limitations604

Despite its effectiveness, our work has certain limi-605

tations that suggest directions for future research.606

First, due to computational resource constraints,607

our experiments were primarily validated on mod-608

els with up to 14B parameters; the performance609

and scaling laws of DRIFT on larger-scale mod-610

els remain to be further explored. Second, the611

use of latent compression introduces challenges re-612

garding interpretability, as the implicit fact tokens613

are not as human-readable as raw text snippets in614

traditional RAG. Finally, our current framework615

is primarily optimized through Supervised Fine-616

Tuning (SFT). We anticipate that integrating Rein-617

forcement Learning (RL) could further enhance the618

model’s decision-making in knowledge selection619

and lead to new breakthroughs in performance.620
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A Data Generation Details711

We compute token lengths for Wikipedia docu-712

ments and sample 100,000 text segments per length713

bucket, except for the 4k–8k range, where data is714

insufficient. Each stage was then split into training,715

validation, and test sets with an 8:1:1 ratio.716

A.1 LFRP Data717

For the unlabeled data used in pre-training, we de-718

liberately refrain from any data cleaning. Since719

documents or knowledge bases in real-world sce-720

narios are often noisy and heterogeneous in format,721

we retain the raw text to improve the robustness722

of the pre-trained model. For each stage, we use723

80,000 samples to train the model.724

A.2 QAFT Data725

Based on raw Wikipedia documents corresponding726

to each length bucket, we employed Qwen2.5-72B-727

Instruct to generate QA pairs, which were subse-728

quently used for fine-tuning in each training stage.729

In general, each document corresponds to one QA730

pair; however, for the 4k–8k stage, the available731

raw documents were insufficient, so some docu-732

ments were reused. To avoid positional bias in the733

generated QA data, we segment each document and734

randomly sample one slice as the input for QA gen-735

eration. To avoid positional bias in the generated736

QA data, we segment each document and randomly737

sample one slice as the input for QA generation.738

Data Sampling Strategy To ensure that relevant739

information is uniformly distributed across the gen-740

erated dataset, we adopt the following sampling741

strategy. Each Wikipedia document is first divided742

into multiple slices of equal length. For every doc-743

ument, we then randomly select one slice as the744

context for QA generation. This prevents the model745

from always encountering answers concentrated in746

specific regions (e.g., the beginning of documents)747

and ensures that relevant content appears at ran-748

dom positions. As a result, the generated QA pairs749

cover diverse locations within documents, leading750

to a more balanced and robust training signal. In751

addition to generating the question–answer pairs,752

the model is also required to provide the supporting753

evidence from the original text corresponding to754

each answer.755

Question Type Diversification To better train756

the reasoning model to utilize information com-757

pressed by the knowledge model, we randomly758

sample one of three formats—multiple-choice, 759

true/false, or short-answer questions—for QA gen- 760

eration. This exposes the model to diverse reason- 761

ing scenarios, thereby strengthening its ability to 762

integrate knowledge-derived information for effec- 763

tive problem solving, and enhancing its generaliza- 764

tion across different task settings. 765

Data Filtering To ensure the quality of the auto- 766

matically generated QA pairs, we employ Qwen2.5- 767

72B-Instruct as the judger model to filter out low- 768

quality instances. Specifically, the filtering pro- 769

cess is guided by five criteria: (i) Relevance: the 770

question must be grounded in the given context; 771

(ii) Correctness: the provided answer should be 772

factually consistent with the context; (iii) Clarity: 773

the question and answer must be well-formed and 774

unambiguous; (iv) Fidelity: the evidence must ac- 775

curately reflect content from the original document 776

without introducing external information; (v) Suf- 777

ficiency: the evidence must provide enough infor- 778

mation to answer the question. Only QA pairs that 779

satisfy all conditions are retained for subsequent 780

training. 781

A.3 Training Strategy: Token-Level 782

Curriculum Learning 783

During model training, we observed that longer 784

input documents lead to increased training diffi- 785

culty. In particular, the convergence of both the 786

knowledge and reasoning models becomes more 787

challenging as the number of tokens grows. There- 788

fore, we apply a token-level curriculum learning 789

strategy across all three training tasks, where train- 790

ing stages are defined according to the token length 791

of the input documents. Table 4 summarizes the 792

token-level stage configuration for each of the three 793

training tasks. 794

Task Stage 1 Stage 2 Stage 3 Stage 4

LFRP 64-128 128-256 256-512 512-1k

QAFT Tasks
Dynamic Comp. 1k-2k 2k-4k 4k-8k –
Question Ans. 1k-2k 2k-4k 4k-8k –

Table 4: Curriculum learning stages. Note that QAFT
tasks conclude at Stage 3.
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A.4 Construction Prompt795

Prompt 1 “You are a judge evaluating the quality
of question-answer pairs. Your task is to determine
whether the given answer can be reasonably inferred
from the provided evidence.
Please evaluate based on the following criteria:
1. Can the answer be directly supported by the evi-
dence?
2. Is the evidence sufficient to answer the question?
3. Is the answer logically consistent with the evidence?
4. Are there any contradictions between the answer and
evidence?
Question: {question}
Evidence: {evidence}
Answer: {answer}
Please respond with only "true" if the answer can be
reasonably inferred from the evidence, or "false" if it
cannot.
Your judgment:”,
Prompt 2 “ Please generate a question that can be an-
swered based on the provided context. The question
should be highly relevant to the context, and the answer
must be directly inferable from the given information.
Avoid asking questions that cannot be answered using
the context. The question should be of the type: {ques-
tion_type}.
Your response should consist of three parts:
1. Question – the generated question. (a string)
2. Answer – the answer, including how it is reasoned out
from the relevant information in the context. (a string)
3. Evidence – the specific part(s) of the original text
that support the answer. (a string)
Attention: Evidence must be quoted directly from the
original text and must include all the information
needed to answer the question. If some parts of the
evidence involve unclear references (e.g., ambiguous
subjects), include the related sentences that clarify them,
so that the evidence alone is sufficient for answering the
question. Ensure that every sentence remains complete,
without the use of ellipses.
Your output format should be:
json
{{
"question": "<the generated question (include options
if the question type is multiple choice)>",
"answer": "<the corresponding answer, including how
it is inferred from the relevant information in the con-
text>",
"evidence": "<the specific part(s) taken directly from
the original text that support the answer>"
}}
Context: {context}
Your output:

”,
796

B Dataset Statistics797

Dataset Statistics and Configuration: Table 5 sum-798

marizes the statistics of our cleaned raw dataset.799

The dataset comprises approximately 2.13 million800

samples with a total of 1.61 billion tokens, cover-801

ing a wide range of sequence lengths from 64 to802

4,096. This diverse distribution ensures the model’s803

robustness across various context windows. For804

the training pipeline, we strategically allocated the805

data across different phases: the LFRP stage uti- 806

lized 640,000 samples to establish solid feature 807

representations, while the QAFT stage employed 808

240,000 specifically constructed samples to refine 809

the model’s task-specific performance. 810

Table 5: Statistics of the dataset across different token
length ranges.

Range Train Val / Test Total Total
Samples Samples Samples Tokens

64 – 128 320,000 40k / 40k 400,000 38,138,338
128 – 256 320,000 40k / 40k 400,000 76,466,097
256 – 512 320,000 40k / 40k 400,000 153,042,482
512 – 1,024 320,000 40k / 40k 400,000 305,885,575
1,024 – 2,048 303,724 37k / 37k 379,656 580,138,267
2,048 – 4,096 118,272 14k / 14k 147,840 451,470,489

Grand Total 1,701,996212k / 212k2,127,4961,605,141,248

C Training Details 811

C.1 Hyperparameter Settings 812

The specific hyperparameter configurations for our 813

model architectures and training environment are 814

summarized here. We conduct the training using 815

Low-Rank Adaptation (LoRA) to ensure parameter 816

efficiency. Specifically, we set the LoRA rank to 817

r=16 and the scaling factor to =32, incorporating 818

a dropout rate of 0.05 to mitigate overfitting. The 819

optimization is performed with a learning rate of 820

0.0001 and a total effective batch size of 128. 821

C.2 Training Loss Curves Across Three 822

Stages 823

To evaluate the optimization stability and conver- 824

gence of DRIFT, we illustrate the training loss tra- 825

jectories across its three sequential stages below. 826

C.2.1 Stage 1: Latent Fact Reconstruction 827

Pretraining (LFRP) 828

The training loss for the LFRP stage is presented 829

in Figure 4. The curve shows a steady decline 830

and eventual plateau, indicating that the knowledge 831

model successfully learned to reconstruct factual 832

content into the latent space with high fidelity. 833

C.2.2 Stage 2: Query-Aware Fine-Tuning 834

(QAFT) with Single-Context Dynamic 835

Compression 836

During this stage, we fine-tune the model on the 837

Dynamic Compression Task. The training objec- 838

tive focuses on the model’s ability to compress and 839

project query-relevant knowledge into the reason- 840

ing model’s embedding space. The loss reflects 841
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Figure 4: Training loss trajectory of Stage 1

the efficiency of information bottlenecking under842

query guidance.

Figure 5: Training loss trajectory of Stage 2
843

C.2.3 Stage 3: Query-Aware Fine-Tuning844

(QAFT) with Single-Context Question845

Answering846

The final stage involves end-to-end optimization847

for the Question-Answering (QA) task. We report848

the cross-entropy loss during this phase, which849

demonstrates how the reasoning model effectively850

utilizes the distilled latent facts to generate accurate851

and context-grounded answers.852

D Additional Experimental Results853

D.1 General-Purpose Capability Comparison854

To assess whether the reasoning-oriented fine-855

tuning affects the model’s broad utility, we compare856

the general-purpose capabilities of the reasoning857

model before and after our proposed training. The858

results indicate that the degradation in generic com-859

petencies remains minimal. This suggests that our860

Figure 6: Training loss trajectory of Stage 3

Figure 7: Placeholder radar chart illustrating general-
purpose capabilities before and after reasoning-oriented
fine-tuning.

fine-tuning strategy effectively enhances reasoning 861

performance while preserving overall versatility. 862

D.2 Effects of Model Size Combinations 863

Experimental analysis of the performance impact 864

when using different size combinations for the 865

knowledge and reasoning models. 866

Table 6: Performance of different model combinations
on LongBenchv2.

Combination LongBenchv2

Qwen-7B × 3B 32.41
Qwen-7B × 1.5B 31.81
Qwen-14B × 3B 34.39

RQ3: How does the model align its latent rea- 867

soning with explicit evidence during training? 868

A critical question in our framework is whether 869

the reasoning model merely replicates explicit tex- 870

tual evidence or instead develops distinct and effi- 871
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cient reasoning strategies within the latent space.872

This distinction is crucial for determining whether873

the implicit context functions as a complementary874

modality rather than a redundant compression.875

To examine this behavior, we introduce a di-876

agnostic metric, Reasoning Consistency (MED),877

which is monitored during the question-answering878

task in the QAFT stage. Specifically, MED mea-879

sures the Kullback–Leibler (KL) divergence be-880

tween the output distributions of the reasoning881

model when conditioned on compressed latent rep-882

resentations versus explicit textual evidence:883

MED = DKL

(
Pθrea(· | Ians, Edyn,E(Q))

∥∥∥
Pθrea(· | Ians, Xevi, Q)

) (11)884

Importantly, MED is used solely as a non-intrusive885

diagnostic probe to analyze reasoning behavior and886

does not participate in gradient backpropagation.887
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Figure 8: Evolution of the reasoning consistency metric
MED during traiwoqning.

The trajectory of MED in Figure 8 exhibits a888

clear Grounding-then-Specializing learning pattern889

with two phases. In Stage I (Rapid Grounding),890

MED decreases sharply, indicating that the reason-891

ing model initially aligns its latent representations892

closely with explicit textual evidence to ensure893

faithful reasoning. In Stage II (Emergent Special-894

ization), MED gradually increases and stabilizes,895

suggesting that the model moves beyond strict tex-896

tual alignment and develops more specialized and897

efficient reasoning strategies in the latent space.898

Overall, this behavior shows that the implicit con-899

text is not a mere compressed copy of the input,900

but a complementary modality that supports task-901

oriented reasoning beyond surface-level text.902
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