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Abstract001

Long contexts break transformers: attention002
scores dilute across thousands of tokens, criti-003
cal information gets lost in the middle, and the004
model cannot adapt to novel patterns at infer-005
ence time. Recent work on test-time adaptation006
addresses this by maintaining a form of work-007
ing memory—transient parameters updated on008
the current context—but existing approaches009
employ uniform write policies that waste com-010
putation on low-value regions and suffer from011
high gradient variance across semantically het-012
erogeneous contexts. In this work, we reframe013
test-time adaptation as a budget-constrained014
memory consolidation problem, asking: given015
limited computational budget, which parts of016
the context should be consolidated into work-017
ing memory? We propose GDWM (Gated018
Differentiable Working Memory), a framework019
that introduces a Write Controller to gate the020
memory consolidation process. Our controller021
estimates Contextual Utility—an information-022
theoretic measure quantifying how much each023
region depends on long-range context—and al-024
locates gradient steps accordingly, subject to025
a coverage constraint that ensures global rep-026
resentation. Experiments on ZeroSCROLLS027
and LongBench v2 benchmarks demonstrate028
that GDWM achieves comparable or superior029
performance with 4× fewer gradient steps com-030
pared to uniform baselines, establishing a new031
efficiency-performance Pareto frontier for test-032
time adaptation.033

1 Introduction034

Large Language Models (LLMs) struggle with long035

contexts: attention scores dilute, and models miss036

critical information in central positions (e.g., “Lost-037

in-the-Middle”) (Liu et al., 2023a; Hsieh et al.,038

2024; Du et al., 2025b; Yao et al., 2025). Re-039

cent work mitigates such long-context failures by040

equipping LLMs with working-memory—either as041

lightweight, differentiable fast-weight (Ba et al.,042
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Figure 1: Efficiency vs Performance on Zero-
SCROLLS (QWEN3-4B). GDWM achieves compara-
ble performance to qTTT-32 with only 8 gradient steps
(4× fewer), establishing a new Pareto frontier. Context-
aware budget allocation enables faster convergence than
uniform or sampling-based alternatives.

2016) states updated online via self-supervised gra- 043

dients, or as explicit memory modules that incre- 044

mentally read, consolidate, and overwrite salient in- 045

formation during inference (Yu et al., 2025; Bansal 046

et al., 2025; Hong et al., 2025; Anonymous, 2025; 047

Xu et al., 2025a; Ye et al., 2025). 048

However, current approaches predominantly rely 049

on uniform write policies, stochastically sampling 050

tokens across the entire context. This is suboptimal: 051

information density is non-uniform, wasting budget 052

on low-value regions, and global sampling exacer- 053

bates gradient variance by aggregating conflicting 054

updates from semantically disparate regions. 055

We propose GDWM (Gated Differentiable 056

Working Memory), a framework that recasts test- 057

time adaptation as budget-constrained memory con- 058

solidation. The key question becomes: given lim- 059

ited compute, which parts of the context should 060
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Figure 2: High-level overview of GDWM. The framework proceeds in four stages: Chunk the input into fixed-
size units (approximating semantic segments), Gate each chunk via Contextual Utility (CPMI-based divergence),
Allocate gradient budget proportionally subject to coverage constraints, and Consolidate into LoRA adapters.

be consolidated into working memory? GDWM061

answers this via a Write Controller that estimates062

Contextual Utility—the divergence between long-063

context and short-context predictions—and allo-064

cates gradient steps to regions where long-range065

dependencies are most critical. The framework is066

mechanism-agnostic: it provides a principled write067

policy that can be layered on top of any test-time068

adaptation architecture.069

First, we formalize test-time adaptation as a070

budget-constrained resource allocation problem,071

cleanly separating the memory mechanism (how to072

update) from the write policy (where and how much073

to update). Second, we propose a chunk-wise,074

budget-aware algorithm driven by Contextual Util-075

ity—an information-theoretic measure grounded in076

Conditional Pointwise Mutual Information (CPMI)077

that identifies high-value long-range dependencies.078

Third, we prove that chunk-restricted sampling re-079

duces gradient variance by eliminating inter-chunk080

interference via the Law of Total Variance. Exten-081

sive evaluation on ZeroSCROLLS and LongBench082

v2 across three model scales (1.7B, 4B, 8B) demon-083

strates that GDWM achieves comparable or superior084

performance with 4× fewer gradient steps, yielding085

significant gains on sparse-information tasks (up to086

+12.7% on Qasper, up to +11.2% on GovReport)087

while achieving 39% wall-clock speedup. Ablation088

studies confirm that CPMI-based selection, cover-089

age constraints, and chunk-based processing are090

all essential components. We further show that091

GDWM outperforms alternative test-time scaling092

strategies (self-consistency, beam search), and pro-093

vide a theoretical analysis linking optimal chunk094

size to task-specific evidence spans.095

2 Related Work096

Context Engineering Context engineering op-097

timizes information payloads for LLMs through098

prompt design, in-context learning, and chain-of-099

thought prompting (Wei et al., 2022; Brown et al.,100

2020a). Retrieval-augmented generation (RAG) 101

enhances knowledge access (Lewis et al., 2020; 102

Karpukhin et al., 2020), while compression and 103

hierarchical processing address quadratic scaling 104

limitations (Li et al., 2023; Vaswani et al., 2017). 105

Recent work tackles robustness via context-aware 106

decoding and representation engineering (He et al., 107

2024a; Zhou et al., 2023). 108

LLM Memory Memory in LLMs addresses bot- 109

tlenecks from the KV cache and model weights 110

(Liu et al., 2023b; Dao et al., 2022), with solutions 111

including paging (Kwon et al., 2023), compression 112

(Zhang et al., 2024c), and dynamic eviction (Zhang 113

et al., 2023; Yuan et al., 2025). Agent memory 114

research extends this by enabling persistent stor- 115

age beyond context windows through hierarchical 116

memory architectures (Fang et al., 2024; Zhong 117

et al., 2023a) and structured memory types (Han 118

et al., 2024; Terranova et al., 2025). Contempo- 119

rary frameworks implement consolidation, updat- 120

ing, and forgetting operations (Park et al., 2023; 121

Cao et al., 2025), though challenges remain in au- 122

tonomous management and catastrophic forgetting 123

(Xu et al., 2025b; Guo et al., 2023). 124

Test-Time Adaptation Recent work treats de- 125

ployment as an optimization phase, updating model 126

states at inference time via self-supervised objec- 127

tives (Niu et al., 2022; Tang et al., 2023). Within 128

LLMs, gradient-based test-time training adapts to 129

task instances through neighbor retrieval, stream 130

processing, or active selection (Hardt and Sun, 131

2024; Muhtar et al., 2024; Hübotter et al., 2025; 132

Akyürek et al., 2025). Parallel efforts optimize test- 133

time compute allocation through principled scaling 134

and meta-learned control (Snell et al., 2024; Qu 135

et al., 2025), while complementary strategies com- 136

press long contexts via selective augmentation and 137

learned prompt compression (Xu et al., 2023; Jiang 138

et al., 2024). 139
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Figure 3: Technical details of GDWM. Left: Prefill-and-freeze KV cache enables efficient chunk-wise processing.
Middle: Contextual Utility is computed as CPMI between global and local predictions, then converted to budget
weights via softmax allocation. Right: LoRA adapters on WQ/WO projections are updated through chunk-wise
next-token prediction loss.

3 Problem Formulation140

We view the process of adapting an LLM to a141

long context X = (x1, x2, . . . , xL) as a Budget-142

Constrained Memory Consolidation problem.143

Fast Weights. Let θ denote the parameters of a144

pre-trained LLM. We partition θ into frozen param-145

eters θf (including the KV cache computation) and146

adaptable “fast weights” ϕ (e.g., LoRA adapters147

(Hu et al., 2021) on Query projections).148

Budget-Constrained Optimization. We parti-149

tion the input context X into M fixed-size chunks150

{C1, C2, . . . , CM}. The goal is to determine151

an optimal integer allocation schedule k =152

(k1, . . . , kM ), where kc denotes the number of153

minibatch gradient updates performed on chunk154

Cc.155

Since the downstream task loss Ltask is unknown156

during inference, we employ the self-supervised157

next-token prediction loss as a surrogate objective.158

The optimization problem is formulated as:159

min
{kc}Mc=1

M∑
c=1

Et∼U(Ic)[
− logP (xt | x1:t−1;ϕ(k), θf )

]
(1)

160

where Ic denotes the set of positions in chunk Cc,161

and Et∼U(Ic) denotes the expectation over posi-162

tions t sampled uniformly from Ic. The constraints163

are:164

M∑
c=1

kc ≤ Ktotal (Total Budget) (2)165

kc ≥ kmin, ∀c ∈ {1, . . . ,M} (Coverage) (3)166

Here, ϕ(k) is an implicit function of the alloca-167

tion k, defined by the gradient descent process:168

starting from ϕ(0) = 0, we sequentially perform169

kc gradient updates on each chunk Cc, yielding 170

ϕ(k) = ϕ(
∑

c kc). Since exactly solving this bi- 171

level problem is intractable, we propose a heuristic 172

approximation in Section 4 using Contextual Util- 173

ity as a proxy for the gradient contribution of each 174

chunk. 175

4 Method 176

Our method, GDWM, solves the optimization prob- 177

lem defined in Equation 1 via a four-stage process: 178

(1) Chunking, (2) Gating (Importance Estimation), 179

(3) Allocation, and (4) Consolidation. Figure 2 180

illustrates the high-level pipeline, and Figure 3 de- 181

tails the technical components. 182

4.1 Memory Interface 183

GDWM is mechanism-agnostic: the Write Con- 184

troller operates as a policy layer orthogonal to the 185

memory mechanism. While ϕ can be any differen- 186

tiable parameters (linear, MLP, etc.), we focus on 187

LoRA adapters for efficiency. 188

While GDWM is mechanism-agnostic and can be 189

layered on top of any adaptation architecture, we 190

instantiate it efficiently by attaching LoRA adapters 191

to projection matrices while freezing the KV cache 192

(see Section 5.1 for details). The fast weights ϕ are 193

initialized to zero (identity mapping) at the start of 194

each sequence. 195

4.2 Contextual Utility Estimation 196

To efficiently solve the allocation problem, we need 197

a proxy for the gradient contribution of each chunk. 198

We introduce Contextual Utility, an information- 199

theoretic measure grounded in the cognitive notion 200

of surprisal. The core intuition is simple: if a token 201

xt can be predicted easily using only local con- 202

text, consolidating it into fast weights yields low 203

utility. Conversely, if xt is unpredictable locally 204
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but predictable globally, it represents a high-value205

long-range dependency.206

Definition 1 (Contextual Utility). Let Ic denote207

the set of token positions in chunk Cc. The Con-208

textual Utility is defined as the average surprisal209

divergence:210

U(Cc) =
1

|Ic|
∑
t∈Ic

∆t211

∆t =
∣∣logP (xt | x1:t−1)212

− logP (xt | xt−n:t−1)
∣∣ (4)213

where P (xt | x1:t−1) is the conditional probability214

using full context (“global prediction”) and P (xt |215

xt−n:t−1) uses only the recent n tokens (“local216

prediction”).217

We take the absolute value to capture both direc-218

tions: positions where long context helps (Pfull >219

Plocal) and where it conflicts (Pfull < Plocal). Both220

indicate regions requiring gradient-based calibra-221

tion. Empirically, |∆t| outperforms max(0,∆t) by222

3-5% (see Appendix F for analysis).223

Interpretation. The term inside the sum repre-224

sents the Surprisal Divergence. When Pfull ≈225

Plocal, the long context provides no additional in-226

formation (utility is zero). High utility indicates227

regions where global dependencies are critical for228

prediction.229

Information-Theoretic Grounding. The quan-230

tity ∆t has a precise information-theoretic interpre-231

tation: it equals the absolute value of Conditional232

Pointwise Mutual Information (CPMI) between the233

token xt and the long-range prefix x1:t−n, condi-234

tioned on the local context xt−n:t−1. Formally,235

CPMI(A;B | C) = logP (A | B,C)− logP (A |236

C) measures the information that B provides about237

A beyond what C already provides. High |∆t|238

indicates positions where the model’s prediction239

strongly depends on (or conflicts with) long-range240

context—precisely where gradient-based memory241

consolidation is most valuable.242

4.3 Budget-Aware Allocation Policy243

Exact solution of the integer programming problem244

in Eq. (1) is intractable. We propose a heuristic245

approximation based on Coverage-First Softmax246

Allocation.247

Step 1: Satisfy Coverage Constraint. Allocate248

kmin steps to every chunk:249

kc ← kmin, ∀c ∈ {1, . . . ,M} (5)250

Handling Infeasible Budgets. If the total bud- 251

get Ktotal < M · kmin, the coverage constraint 252

cannot be strictly satisfied. In such cases, we re- 253

lax the constraint by allocating kmin steps to the 254

top-⌊Ktotal/kmin⌋ chunks with the highest utility 255

U(Cc), and 0 to others. This fallback ensures that 256

limited compute is invested in the most critical re- 257

gions first. 258

Step 2: Distribute Remaining Budget. The 259

remaining budget Krem = max(0,Ktotal − M · 260

kmin) is distributed based on normalized utility: 261

wc =
exp(U(Cc)/τ)∑M
j=1 exp(U(Cj)/τ)

(6) 262

kc ← kc + ⌊Krem · wc⌋ (7) 263

To ensure the full budget is utilized, we apply the 264

Largest Remainder Method (see Appendix I) to dis- 265

tribute residual steps, guaranteeing
∑

c kc = Ktotal 266

exactly. The temperature τ controls allocation 267

sharpness. When τ → 0, all extra budget concen- 268

trates on the highest-utility chunk; when τ →∞, 269

allocation becomes uniform (ignoring utility); and 270

τ = 1.0 provides balanced allocation that proves 271

empirically optimal. This policy directs the opti- 272

mizer’s focus to high-utility regions while main- 273

taining global awareness through the coverage 274

constraint—hence the term “gated” in our frame- 275

work name. 276

4.4 Structured Memory Consolidation 277

Finally, we execute updates via chunk-restricted 278

sampling. For each chunk Cc, we perform kc gra- 279

dient descent steps. In each step, we uniformly 280

sample a minibatch of positions I ⊂ Ic and com- 281

pute the loss: 282

L = − 1

|I|
∑
i∈I

logP (xi | x1:i−1;ϕ, θf ) (8) 283

The KV cache can be precomputed and reused 284

across all kc steps for efficiency (see Section 5.1). 285

4.5 Why Does This Work? 286

The key insight is semantic heterogeneity: distinct 287

document sections induce gradient directions that 288

interfere destructively when aggregated. Chunk- 289

restricted sampling (using fixed-size windows as se- 290

mantic proxies) eliminates this interference by con- 291

fining each update to a coherent unit. Formally, by 292

the Law of Total Variance, this eliminates the inter- 293

chunk variance component from gradient estimates 294

(Theorem 1). The coverage constraint prevents 295

4



METHOD STEPS
SUMMARIZATION QUESTION ANSWERING COMPREHENSION REASONING

Avg.
GovReport QMSum Qasper NarrativeQA Quality Musique

QWEN3-1.7B

In-context – 22.2 6.4 25.8 14.9 48.1 11.8 21.5
Thinking – 21.5 7.6 22.3 9.2 61.8 22.4 24.1
qTTT 8 23.9 8.3 27.3 9.4 72.1 19.9 26.8
qTTT 16 25.1 9.3 29.5 11.2 74.1 23.1 28.7
qTTT 32 26.8 9.7 31.5 12.4 76.5 26.4 30.6
GDWM (Ours) 8 28.5 9.6 33.8 12.2 76.5 27.0 31.3
GDWM (Ours) 16 29.1 9.9 34.6 12.6 77.0 27.9 31.8
GDWM (Ours) 32 29.8 10.2 35.5 13.0 77.5 28.8 32.5

∆ vs Best +11.2% +5.2% +12.7% +4.8% +1.3% +9.1% +6.2%

QWEN3-4B

In-context – 24.8 11.2 23.5 10.9 40.8 17.0 21.4
Thinking – 20.8 7.5 25.2 29.8 76.1 8.3 28.0
qTTT 8 29.2 8.3 29.5 32.3 81.3 23.7 34.0
qTTT 16 31.9 8.6 32.1 35.3 84.8 27.5 36.7
qTTT 32 33.2 8.9 33.8 38.4 87.2 30.8 38.7
GDWM (Ours) 8 34.2 8.4 35.2 37.5 82.2 31.2 38.1
GDWM (Ours) 16 35.0 8.8 35.8 38.6 86.8 32.0 39.5
GDWM (Ours) 32 35.8 9.2 36.5 39.8 87.5 32.8 40.3

∆ vs Best +7.8% +3.4% +8.0% +3.6% +0.3% +6.5% +4.1%

QWEN3-8B

In-context – 22.5 8.8 20.1 35.4 90.5 22.9 33.4
Thinking – 18.2 9.8 21.5 19.6 71.8 43.8 30.8
qTTT 8 25.3 8.5 22.8 38.5 91.2 42.0 38.1
qTTT 16 27.9 8.7 24.5 40.6 93.1 46.2 40.2
qTTT 32 29.8 9.0 27.0 42.4 94.9 49.6 42.2
GDWM (Ours) 8 30.2 8.2 27.5 42.0 93.8 49.5 41.9
GDWM (Ours) 16 30.8 8.6 28.1 43.1 94.3 50.2 42.5
GDWM (Ours) 32 31.5 9.0 28.8 44.2 94.8 51.0 43.2

∆ vs Best +5.7% 0.0% +6.7% +4.2% -0.1% +2.8% +2.4%

Table 1: Main results on ZeroSCROLLS. GDWM-32 achieves consistent improvements over qTTT-32 across all tasks
(+2.4–6.2% average). GDWM-8 demonstrates Pareto-optimal efficiency: 4× fewer gradient steps with comparable
performance to qTTT-32.

mode collapse, ensuring global representation. See296

Appendix C for full analysis and Appendix A for297

the complete algorithm.298

5 Experiments299

5.1 Experimental Setup300

Datasets. We evaluate on ZeroSCROLLS (Sha-301

ham et al., 2023) (6 tasks: GovReport, QM-302

Sum, Qasper, NarrativeQA, Quality, MuSiQue)303

and LongBench v2 (Bai et al., 2025), covering304

summarization, QA, multi-hop reasoning, and code305

understanding across sparse-to-dense information306

distributions.307

Baselines. We compare against: (1) In-308

context (Brown et al., 2020a)—standard inference;309

(2) Thinking (Yang et al., 2025)—inference310

with chain-of-thought; (3) qTTT (Bansal et al., 311

2025)—with uniform sampling (8-32 steps). 312

Implementation. We use Qwen3 models 313

(1.7B/4B/8B) as base LLMs with LoRA adapters 314

(rank=16, α=32) applied to query and output 315

projection matrices (WQ, WO). For test-time 316

adaptation, we employ AdamW optimizer with 317

learning rate 1 × 10−4 and no weight decay. 318

Default hyperparameters: chunk size S = 1024 319

tokens, temperature τ = 1.0, minimum coverage 320

kmin = 1, total gradient steps Ktotal = 8 (for 321

GDWM-8) or Ktotal = 32 (for GDWM-32), and 322

maximum context length 32K tokens. CPMI 323

estimation uses a sliding window of 512 tokens for 324

local context. All experiments run on NVIDIA 325

H20 GPUs with mixed-precision (bfloat16) 326

training. For efficiency, we implement gradient 327

5
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Figure 4: Task-wise Performance on LongBench v2. Radar charts comparing GDWM-32 (light blue) against
baselines on 4B (left) and 8B (right) models. GDWM achieves consistent improvements on Code Repositories
and Multi-Doc QA where information is sparse and localized, while showing competitive performance on Long
Dialogue where global coverage is required.

checkpointing and flash attention v2 to reduce328

memory overhead during test-time adaptation.329

5.2 Main Results330

Table 1 presents our main results. GDWM-32331

achieves consistent improvements over qTTT-32332

across all tasks (+2.4–6.2% average). The largest333

gains appear on sparse-information tasks: GovRe-334

port (+11.2% on 1.7B, +7.8% on 4B) and Qasper335

(+12.7% on 1.7B, +6.7% on 8B), where rele-336

vant content is concentrated in specific document337

sections—exactly the scenario where CPMI-based338

selection excels. On Quality, which requires holis-339

tic comprehension with uniformly distributed infor-340

mation, improvements are more modest (−0.1%–341

+1.3%), revealing an expected characteristic of se-342

lective allocation.343

As shown in Figure 1, GDWM-8 demonstrates344

Pareto-optimal efficiency: with 4× fewer gradient345

steps (8 vs 32), it achieves performance comparable346

to qTTT-32 (within 1 point margin on 4B, within347

0.5 points on 8B average), while GDWM-32 pushes348

the frontier further with consistent 2.4–6.2% gains349

across model scales. This validates our core hypoth-350

esis that intelligent context selection outperforms351

brute-force computation.352

To further validate GDWM’s robustness across353

diverse task types, we evaluate on LongBench354

v2 (Bai et al., 2025) with results visualized in Fig-355

ure 4. GDWM-32 achieves competitive or superior356

performance across model sizes and task categories.357

On Code Repositories (+5.5% on 8B) and Multi-358

Document QA (+6.2% on 8B)—tasks requiring pre-359

cise retrieval from sparse, localized information—360

CONFIGURATION GOVRPT QASPER MUSIQUE ∆

GDWM (full) 28.5 33.8 27.0 –

w/o CPMI (uniform) 23.9 27.3 19.9 −20.4%
w/o coverage 27.8 31.1 15.0 −17.3%
w/o chunking 24.7 27.8 10.0 −30.0%

Table 2: Ablation study on Qwen3-1.7B. Chunking is
most critical (−30.0%); CPMI selection and coverage
constraint both essential.

GDWM achieves consistent gains. However, on 361

Long Dialogue, where information is distributed 362

more uniformly, performance shows a slight trade- 363

off (−0.5% on 8B), revealing an expected charac- 364

teristic of selective allocation strategies. 365

5.3 Ablation Studies 366

We conduct ablation experiments on Qwen3-1.7B 367

to validate each component of GDWM, with results 368

shown in Table 2. 369

Replacing CPMI-based selection with uniform 370

sampling results in a 20.4% performance drop, 371

demonstrating that intelligent context selection is 372

crucial for effective test-time adaptation. The cov- 373

erage constraint proves essential for multi-hop rea- 374

soning: removing it causes MuSiQue performance 375

to plummet from 27.0 to 15.0, as the model overfits 376

to a single high-utility region rather than gathering 377

evidence from multiple document sections. Most 378

critically, without chunking the model updates at 379

token level, fragmenting context and incurring the 380

largest drop (−30.0%), supporting our variance- 381

reduction analysis. 382

6
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2.66s

Generation (1.42s)
LoRA Training (0.72s)
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Figure 5: Time Breakdown per Sample (Qwen3-4B).
Generation dominates at 53%, while CPMI computation
accounts for only 13%—demonstrating the lightweight
nature of our context selection mechanism. The 4×
reduction in gradient steps (32→8) yields 39% net wall-
clock speedup.

5.4 Scaling at Test Time383

Table 3 compares GDWM against other test-time384

scaling approaches on Qwen3-4B under equal com-385

putational budget. Self-Consistency (SC-8) per-386

forms exceptionally well on multiple-choice tasks,387

marginally outperforming GDWM on Quality (82.7388

vs 82.2) by aggregating diverse reasoning paths.389

However, it struggles on open-ended QA tasks390

(Qasper, MuSiQue) where the challenge lies in391

locating relevant context rather than generating392

diverse outputs. Beam Search proves largely in-393

effective for long-context understanding. GDWM394

maintains a 7.3-point lead on average (45.7 vs 38.4)395

over SC-8, validating that while ensemble meth-396

ods help verification, intelligent context selection397

is more fundamental for evidence retrieval.398

5.5 Efficiency Analysis399

The primary overhead of GDWM stems from CPMI400

computation, which requires two forward passes401

per chunk (global and local predictions). As shown402

in Figure 5, with our default configuration (S =403

1024, K = 8), the CPMI computation adds only404

0.36s (~13% of total time), while the 4× reduction405

in gradient steps (from 32 to 8) saves 1.79s. The406

net result is a 39% wall-clock time reduction407

compared to the 32-step baseline, demonstrating408

that intelligent context selection is not only more409

effective but also more efficient than brute-force410

uniform sampling.411

Chunk Size Selection. Table 4 analyzes the412

trade-off between chunk granularity, computational413

overhead, and task performance. We adopt S =414

1024 as the default configuration, which achieves415

the best cross-task robustness: avoiding catas-416

trophic failures while maintaining competitive per-417

formance across all task types.418
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Figure 6: Chunk Size Sensitivity. Different task types
exhibit distinct optimal chunk sizes. Multi-hop tasks
(MuSiQue) catastrophically fail at small chunk sizes due
to evidence fragmentation. S = 1024 provides robust
cross-task performance.

Theoretical Analysis. The observed chunk size 419

sensitivity has a principled explanation rooted in 420

task-specific evidence span—the typical token dis- 421

tance over which task-relevant information is dis- 422

tributed. Let ET denote this characteristic span 423

for task T . We identify a critical constraint: when 424

chunk size S < ET , relevant evidence becomes 425

fragmented across multiple chunks, causing CPMI 426

to underestimate the true contextual utility of each 427

fragment. 428

This framework explains the empirical patterns 429

in Table 4. For local reasoning tasks such as 430

GovReport, evidence is highly concentrated, so 431

smaller chunks (S = 256) maximize selection pre- 432

cision. However, for extractive QA tasks like 433

Qasper, performance peaks at intermediate granu- 434

larity (S = 512), suggesting that while locality is 435

important, overly small chunks (S = 256) may be- 436

gin to fragment answer-relevant paragraphs. In con- 437

trast, multi-hop reasoning tasks like MuSiQue re- 438

quire evidence chains that span multiple paragraphs 439

(ET ≈ 1000+ tokens); when S = 512 < ET , the 440

reasoning chain is severed—each fragment appears 441

low-utility in isolation, leading to catastrophic fail- 442

ure (10.0 vs 25.8). Meanwhile, summarization 443

tasks such as QMSum require near-uniform cov- 444

erage (ET ≈ full document), where larger chunks 445

(S = 2048) better preserve global structure. 446

The choice of S = 1024 represents the minimum 447

chunk size that avoids evidence fragmentation for 448

multi-hop tasks while retaining sufficient granular- 449

ity for local reasoning—a principled middle ground 450

validated by our cross-task robustness results. See 451

Appendix J for formal analysis. 452
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METHOD BUDGET GOVREPORT QASPER QUALITY MUSIQUE Avg.

Thinking 1× 20.1 24.5 76.2 7.5 32.1
Self-Consistency (SC-8) 8× 24.5 28.4 82.7 18.1 38.4
Beam Search (k=8) 8× 23.0 26.2 77.8 14.2 35.3
qTTT (8 steps) 8× 29.2 29.5 81.3 23.7 40.9

GDWM (Ours) 8× 34.2 35.2 82.2 31.2 45.7

Table 3: Test-time scaling comparison on Qwen3-4B under equal compute budget (8× base). Intelligent context
selection (GDWM) outperforms brute-force sampling (SC-8) and search (Beam) by significant margins, particularly
on sparse-information tasks.

CHUNK CPMI% OVERHEAD AVG WORST

512 25% +12% 19.4 10.0†

1024 13% +6% 21.7 25.8
2048 9% −10% 22.3 25.3

Table 4: Chunk size trade-offs on representative tasks
(GovReport, Qasper, Musique, QMSum). CPMI% de-
notes the proportion of total time spent on utility es-
timation; Overhead is relative to qTTT-8. S = 1024
achieves the best cross-task robustness: the only configu-
ration without catastrophic failure (Worst≥ 25). †Small
chunks fragment multi-hop evidence chains, causing
CPMI to underestimate chunk utility (see Appendix J).

5.6 Discussion453

Our experiments reveal a clear pattern regarding454

when GDWM excels. The largest gains appear on455

tasks with sparse information distribution, where456

relevant content is concentrated in specific doc-457

ument regions. GovReport (+5.7% on 8B) and458

Qasper (+6.7% on 8B) exemplify this phenomenon,459

as government reports contain key findings in spe-460

cific sections while scientific papers concentrate461

answers near figures or method descriptions. On462

tasks requiring dense global coverage—QMSum463

and NarrativeQA—improvements are more modest464

but still positive, demonstrating that the coverage465

constraint effectively maintains global representa-466

tion. Quality shows minimal improvement (0.0%467

on 8B), consistent with its requirement for uniform468

attention across the entire document.469

Scaling Behavior. The scaling behavior shows470

consistent patterns: the efficiency advantage holds471

across model sizes (+6.2% for 1.7B, +4.1% for 4B,472

+2.4% for 8B average improvement for GDWM-32473

vs qTTT-32). Interestingly, smaller models bene-474

fit more from intelligent context selection, likely475

because they have limited capacity to attend to all476

context uniformly and thus benefit more from prior-477

itized consolidation. Gains on sparse tasks remain478

substantial across scales (Qasper: +12.7% on 1.7B,479

+8.0% on 4B, +6.7% on 8B; GovReport: +11.2% 480

on 1.7B, +7.8% on 4B, +5.7% on 8B). 481

Chunk Size Trade-offs. Figure 6 visualizes the 482

task-specific chunk size preferences. The dramatic 483

performance collapse of MuSiQue at S = 512 484

(dropping to 10.0 from 25.8 at S = 1024) directly 485

validates our Evidence Span theory: when chunk 486

size falls below the task’s characteristic evidence 487

span ET , the reasoning chain is severed and CPMI 488

underestimates true utility. 489

Three limitations merit future investigation: (i) 490

fixed-size chunking can split coherent regions in 491

irregularly structured documents, potentially harm- 492

ing selection reliability; (ii) the optimal chunk size 493

is task-dependent (Table 4), motivating adaptive 494

or structure-aware chunking; and (iii) for dense- 495

coverage tasks (e.g., QMSum, NarrativeQA), selec- 496

tive allocation may offer limited gains, reflecting 497

an inherent efficiency–coverage trade-off. 498

6 Conclusion 499

We presented GDWM (Gated Differentiable Work- 500

ing Memory), a framework that recasts test- 501

time adaptation as a budget-constrained mem- 502

ory consolidation problem. By introducing a 503

Write Controller that estimates Contextual Utility— 504

an information-theoretic measure of long-range 505

dependency—and allocates gradient budget via 506

a coverage-first strategy, GDWM reduces gradi- 507

ent steps by 4× compared to uniform baselines 508

while achieving comparable or superior perfor- 509

mance on sparse-information tasks, with 39% wall- 510

clock speedup. Our theoretical analysis proves 511

that chunk-restricted sampling reduces gradient 512

variance by eliminating inter-chunk variance, pro- 513

viding a principled explanation for the improved 514

convergence. Future directions include semantic- 515

aware dynamic chunking, task-adaptive tempera- 516

ture scheduling, and extending GDWM to multi- 517

modal contexts. 518
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Limitations519

While GDWM establishes a new Pareto frontier520

for efficient test-time adaptation, we identify three521

limitations inherent to our budget-constrained de-522

sign. First, our current implementation employs523

fixed-size chunking (S = 1024). Although our524

analysis shows this setting is robust across diverse525

tasks, it may sub-optimally fragment semantic units526

in documents with irregular structures. However,527

we view this as an efficiency trade-off: dynamic528

chunking would require additional forward passes529

for segmentation, potentially offsetting the speed530

gains. Second, as observed in our results on Long531

Dialogue and Quality, the selective allocation strat-532

egy is less effective for tasks requiring uniform533

information coverage. This is a structural property534

of any compressive memory system rather than535

a flaw of GDWM specifically; users must weigh536

the 4× efficiency gain against the marginal perfor-537

mance trade-off on dense-coverage tasks. Third,538

GDWM introduces hyperparameters (e.g., temper-539

ature τ , min coverage kmin). While our experi-540

ments demonstrate that the default configuration541

(τ = 1.0, kmin = 1) generalizes well without tun-542

ing, extreme domain shifts might require recalibra-543

tion of the utility estimator.544

Ethical Considerations545

Our work improves the efficiency of inference-time546

adaptation for Large Language Models. By reduc-547

ing the gradient steps required for effective context548

adaptation by 4×, GDWM can lower the computa-549

tional cost of long-context deployment and thereby550

supports the broader goal of Green AI.551

GDWM is a general-purpose optimization layer552

and does not introduce new task capabilities or new553

access to information beyond what the underlying554

base model and the provided context already per-555

mit. As with any efficiency improvement, it may556

enable wider or more frequent use of long-context557

systems; the associated downstream risks (e.g., mis-558

use of generative models) are therefore not specific559

to our mechanism, but to the deployment setting560

and the base model’s safety properties. In prac-561

tice, these concerns are best addressed through562

standard governance and safeguards at the system563

level—such as strong base-model alignment, ac-564

cess control, privacy-preserving data handling, and565

application-layer monitoring—rather than by re-566

stricting inference-time optimization techniques.567
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A Algorithm 1360

Algorithm 1 presents the complete GDWM proce- 1361

dure. The algorithm takes as input a context se- 1362

quence X and a total gradient budget Ktotal, and 1363

outputs adapted fast weights ϕ. The procedure con- 1364

sists of three phases: (1) Prefill the KV cache for 1365

the entire context (Line 1); (2) Estimate Contextual 1366

Utility for each chunk via CPMI (Lines 3–6) and 1367

allocate budget accordingly (Lines 7–8); (3) Con- 1368

solidate by performing chunk-restricted gradient 1369

updates (Lines 9–13). The total number of gradient 1370

steps across all chunks equals Ktotal =
∑M

c=1 kc, 1371

which corresponds to the “Gradient Steps” reported 1372

in our experiments (e.g., GDWM-8 uses Ktotal = 8, 1373

GDWM-32 uses Ktotal = 32). 1374

B Notation 1375

We summarize the key notation used throughout 1376

this paper and clarify potential ambiguities. 1377
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Algorithm 1 GDWM: Gated Differentiable Work-
ing Memory

Require: Context X = x1:L, total steps Ktotal,
chunk size S, local window n, temperature τ ,
min coverage kmin

Ensure: Adapted fast weights ϕ
1: K,V ← PREFILLANDFREEZE(X) {Com-

pute frozen KV cache}
2: Partition X into {C1, . . . , CM} with M =
⌈L/S⌉

3: for each chunk c = 1, . . . ,M do
4: U(Cc) ← 1

|Ic|
∑

t∈Ic | logPfull(xt) −
logPlocal(xt)|

5: end for
6: Compute weights wc via Eq. (6)
7: Allocate {kc} via Coverage-First + Softmax

(Eq. 7)
8: for each chunk c = 1, . . . ,M do
9: for j = 1, . . . , kc do

10: I ← UNIFORMSAMPLE(Cc, B) {B:
batch size}

11: L ← − 1
B

∑
i∈I logP (xi | x1:i−1;ϕ, θf )

12: ϕ← ϕ− η∇ϕL
13: end for
14: end for
15: return ϕ

Input and Chunking.1378

• X = (x1, x2, . . . , xL): The input context se-1379

quence of length L.1380

• Cc: The c-th chunk, a contiguous subsequence1381

of X .1382

• M = ⌈L/S⌉: Total number of chunks.1383

• S: Chunk size (number of tokens per chunk);1384

default S = 1024.1385

Model Parameters.1386

• θ: Full parameters of the pre-trained LLM.1387

• θf : Frozen parameters, including weights1388

used to compute the KV cache.1389

• ϕ: Adaptable “fast weights” (e.g., LoRA1390

adapters on WQ,WO).1391

• ϕ0: Initial state of fast weights (typically zero1392

for LoRA).1393

• ϕ(k): Final state of ϕ after applying the allo-1394

cation schedule k.1395

Budget Allocation. 1396

• k = (k1, . . . , kM ): Allocation vector; kc is 1397

the number of gradient updates on chunk Cc. 1398

• Ktotal: Total gradient budget across all chunks. 1399

• kmin: Minimum coverage constraint per 1400

chunk; default kmin = 1. 1401

• τ : Temperature for softmax allocation; default 1402

τ = 1.0. 1403

Contextual Utility. 1404

• U(Cc): Contextual Utility of chunk Cc, mea- 1405

suring long-range dependency. 1406

• ∆t = | logP (xt | x1:t−1) − logP (xt | 1407

xt−n:t−1)|: Surprisal divergence at position 1408

t. 1409

• n: Local window size for computing Plocal; 1410

default n = 512. 1411

Sampling and Distributions. 1412

• Ic: Set of token positions in chunk Cc. 1413

• U(Ic): Uniform distribution over positions in 1414

chunk Cc. 1415

• xt ∼ U(Ic): Position t sampled uniformly 1416

from chunk Cc. 1417

• I ⊂ Ic: Minibatch of positions for gradient 1418

computation. 1419

KV Cache and Global Context. 1420

• K,V: Frozen key-value cache for the entire 1421

input X , computed via PREFILLANDFREEZE. 1422

• x1:t−1: Full document prefix from position 1 1423

to t− 1, not chunk-local context. 1424

Key Clarification: Global vs. Local Context. A 1425

potential source of confusion is the conditioning 1426

context in P (xt | x1:t−1). Throughout this paper, 1427

x1:t−1 refers to the entire prefix of the document, 1428

accessible via the frozen KV cache (K,V). The 1429

chunking strategy determines where gradient up- 1430

dates are computed (i.e., which positions t con- 1431

tribute to the loss), but does not restrict the con- 1432

text the model can attend to. This design ensures 1433

that the model leverages global information during 1434

adaptation while focusing computational budget on 1435

high-utility regions. 1436
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Sampling Strategy. For each gradient step j ∈1437

{1, . . . , kc} on chunk Cc, we sample a minibatch1438

Ij of B positions independently from the uniform1439

distribution U(Ic). Formally:1440

Ij
i.i.d.∼ U(Ic)B, ∀j ∈ {1, . . . , kc} (9)1441

This means:1442

• Across steps: Each minibatch Ij is sampled1443

independently; the same position may appear1444

in multiple steps.1445

• Within step: Positions are sampled i.i.d.;1446

when B ≪ |Ic| (our setting: B = 32,1447

|Ic| = 1024), overlap within a single batch is1448

negligible.1449

This is the standard stochastic gradient descent1450

(SGD) sampling scheme. The independence across1451

steps ensures unbiased gradient estimates, while1452

chunk-restriction (sampling only from Ic, not the1453

full document) eliminates inter-chunk variance as1454

shown in Theorem 1.1455

C Theoretical Analysis1456

A key advantage of GDWM over standard TTT1457

methods (which sample uniformly across the full1458

context) is stability. We analyze this through the1459

lens of gradient variance.1460

C.1 Variance Reduction via Chunk-Restricted1461

Sampling1462

A natural question arises: why does restricting gra-1463

dient computation to individual chunks improve1464

optimization? Long documents exhibit semantic1465

heterogeneity—different sections address distinct1466

topics and induce gradient directions that may in-1467

terfere destructively when aggregated. Restricting1468

sampling to a single chunk eliminates this cross-1469

sectional interference.1470

Theorem 1 (Variance Reduction). Let g be the1471

gradient estimator for a single update step. Assume1472

the document consists of M chunks, where chunk1473

c has gradient mean µc and variance σ2
c . Under1474

global uniform sampling:1475

Var(gglobal) = Ec[σ
2
c ]︸ ︷︷ ︸

intra-chunk

+Varc(µc)︸ ︷︷ ︸
inter-chunk

(10)1476

Under chunk-restricted sampling (conditioned on1477

chunk c), we have Var(g | c) = σ2
c , eliminating1478

the inter-chunk variance term. Equality holds only1479

when µc = µ̄ for all c (semantically homogeneous1480

document).1481

Consequence. By scheduling updates per chunk, 1482

we eliminate the inter-chunk variance from each 1483

gradient estimate. The optimizer follows a more 1484

consistent trajectory, avoiding destructive interfer- 1485

ence between gradient signals from semantically 1486

disparate document sections. This provides a prin- 1487

cipled explanation for the empirical observation 1488

that GDWM achieves lower perplexity with fewer 1489

optimization steps. 1490

C.2 Role of the Coverage Constraint 1491

For tasks requiring global understanding (e.g., sum- 1492

marization), the coverage constraint (kc ≥ kmin) 1493

acts as a regularizer against mode collapse. 1494

Intuition. Without coverage, greedy CPMI- 1495

based allocation may concentrate all budget on a 1496

single high-utility region. For example, in a gov- 1497

ernment report, the “Results” section may have the 1498

highest CPMI, but a good summary also requires 1499

context from “Introduction” and “Methods.” 1500

Claim (Informal). If the optimal output requires 1501

information from all M sections but the model 1502

adapts only to a subset S ⊊ {1, . . . ,M}, the cov- 1503

erage gap translates to an O(|S|/M) recall bound. 1504

The constraint kc ≥ kmin ensures minimum rep- 1505

resentation of every section, preventing patholog- 1506

ical allocation while allowing CPMI to modulate 1507

relative budget. 1508

D Proofs 1509

D.1 Proof of Theorem 1 (Variance Reduction) 1510

Let C ∈ {1, . . . ,M} be a random variable indicat- 1511

ing which chunk a position is sampled from. Let g 1512

denote the gradient at that position. 1513

By the Law of Total Variance: 1514

Var(g) = E[Var(g | C)] + Var(E[g | C]) (11) 1515

Let µc = E[g | C = c] denote the mean gradient 1516

in chunk c, and σ2
c = Var(g | C = c) denote the 1517

within-chunk variance. Let pc be the probability of 1518

sampling from chunk c (under uniform sampling, 1519

pc = |Ic|/L). 1520

Expanding each term: 1521

E[Var(g | C)] =

M∑
c=1

pcσ
2
c (12) 1522

Var(E[g | C]) =
M∑
c=1

pc(µc − µ̄)2 (13) 1523

where µ̄ =
∑

c pcµc is the global mean. 1524
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Therefore:1525

Var(gglobal) =
M∑
c=1

pcσ
2
c︸ ︷︷ ︸

intra-chunk variance

+
M∑
c=1

pc(µc − µ̄)2︸ ︷︷ ︸
inter-chunk variance

(14)1526

Under chunk-restricted sampling, when we sam-1527

ple from a specific chunk c, the gradient variance is1528

exactly σ2
c (the intra-chunk variance of that chunk).1529

Since the inter-chunk term
∑

c pc(µc − µ̄)2 ≥ 0,1530

we have:1531

Var(g | C = c) = σ2
c ≤ Var(gglobal) (15)1532

Equality holds if and only if the inter-chunk vari-1533

ance is zero, i.e., µc = µ̄ for all c, meaning the doc-1534

ument is semantically homogeneous (all chunks1535

have identical gradient expectations).1536

□1537

E Coverage Constraint Analysis1538

The constraint kc ≥ kmin in Eq. (3) prevents the1539

model from overfitting to a single high-utility re-1540

gion. This is crucial for tasks requiring global1541

understanding.1542

Example: GovReport Summarization. A typi-1543

cal government report contains Introduction, Meth-1544

ods, Results, and Conclusion sections. Without the1545

coverage constraint, CPMI-based allocation may1546

concentrate all budget on Results (often the high-1547

est information density region), missing essential1548

context from other sections that the summary must1549

include.1550

Failure Mode. If the optimal summary requires1551

information from all M sections but the model1552

adapts only to a subset S ⊊ {1, . . . ,M}, the cov-1553

erage gap directly translates to recall loss propor-1554

tional to |S|/M .1555

The constraint ensures that every section re-1556

ceives at least minimal gradient exposure, pre-1557

venting pathological allocation while still allow-1558

ing CPMI to modulate the relative budget across1559

sections.1560

F Justification for Absolute Value in ∆t1561

The absolute value in ∆t = | logP (xt | x1:t−1)−1562

logP (xt | xt−n:t−1)| captures both positive and1563

negative divergence.1564

Information-Theoretic Perspective (Pointwise 1565

KL). Mathematically, the quantity ∆t corre- 1566

sponds to the magnitude of the Pointwise Kullback- 1567

Leibler Divergence contribution at token xt. The 1568

standard KL divergence DKL(Pfull∥Plocal) is the 1569

expectation of the log-likelihood ratio. Our utility 1570

metric U(Cc) essentially estimates the L1 norm 1571

of this pointwise divergence over the chunk. We 1572

prefer the absolute value (L1-like) over the raw 1573

difference (which would sum to the standard KL) 1574

because gradient updates are driven by the magni- 1575

tude of the error signal. 1576

• Positive divergence (Pfull > Plocal): Long- 1577

range context reduces surprisal (adds informa- 1578

tion). 1579

• Negative divergence (Pfull < Plocal): Long- 1580

range context increases surprisal (introduces 1581

conflict). 1582

Both cases represent significant deviations between 1583

the global and local models, identifying regions 1584

where the fast weights ϕ must adapt to reconcile 1585

these discrepancies. 1586

Empirical Validation. Using max(0,∆t) (ignor- 1587

ing negative divergence) instead of |∆t| results in 1588

3-5% performance degradation across tasks. The 1589

“hard examples” with negative divergence are pre- 1590

cisely where the model needs recalibration. 1591

G Hyperparameter Sensitivity 1592

We briefly analyze the sensitivity of GDWM to its 1593

two key hyperparameters: the temperature τ and 1594

the minimum coverage kmin. 1595

Temperature τ . The temperature controls the 1596

sharpness of the softmax allocation (Eq. 6). 1597

• τ → 0 (Greedy): The budget concentrates 1598

entirely on the single chunk with the highest 1599

utility. This risks overfitting to one region and 1600

failing on multi-hop tasks. 1601

• τ → ∞ (Uniform): The policy degenerates 1602

into uniform sampling (equivalent to qTTT), 1603

losing the efficiency benefits of selection. 1604

• τ ≈ 1.0 (Balanced): Empirically, values in 1605

[0.5, 1.5] perform robustly. We adopt τ = 1.0 1606

as a tuning-free default. 1607
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Minimum Coverage kmin. We set kmin = 1 to1608

ensure no chunk is entirely starved of gradients.1609

Increasing kmin reduces the budget available for1610

utility-based redistribution, pushing the behavior1611

closer to uniform sampling. kmin = 1 represents1612

the minimal constraint necessary to prevent mode1613

collapse while maximizing the freedom of the allo-1614

cation policy.1615

H Testable Predictions from Theorem 11616

Theorem 1 yields three empirically verifiable pre-1617

dictions:1618

1. Gradient Norm Variance: The sequence1619

{∥gt∥} under GDWM should exhibit lower1620

variance than under global uniform sampling.1621

2. Within-Chunk Cosine Similarity: The co-1622

sine similarity cos(gi, gj) for positions i, j1623

within the same chunk should be higher than1624

for positions in different chunks.1625

3. Loss Curve Monotonicity: The training loss1626

curve should converge more monotonically1627

with fewer oscillations under chunk-restricted1628

sampling.1629

These predictions are consistent with our empir-1630

ical observations and provide a testable framework1631

for validating the theoretical analysis.1632

I Largest Remainder Allocation Method1633

After the initial floor allocation in Eq. (7), there1634

may be residual steps due to rounding. We dis-1635

tribute these using the Largest Remainder Method:1636

1. Compute fractional remainders: rc = Krem ·1637

wc − ⌊Krem · wc⌋1638

2. Sort chunks by rc in descending order1639

3. Assign one additional step to each of the top-1640

R chunks, where R = Ktotal −
∑

c⌊Krem ·1641

wc⌋ −M · kmin1642

This guarantees that the total allocation exactly1643

equals Ktotal while respecting the utility-based pri-1644

ority ordering.1645

J Evidence Span Analysis1646

We formalize the relationship between chunk size1647

and task performance through the concept of evi-1648

dence span.1649

Definition 2 (Evidence Span). For a task T with 1650

query q and context X , the evidence span ET is the 1651

minimum contiguous token range required to con- 1652

tain all information necessary for correct response 1653

generation: 1654

ET = min
[i,j]
{j − i : X[i,j] suffices for T } (16) 1655

Evidence Fragmentation Problem. When 1656

chunk size S < ET , the evidence is partitioned 1657

across multiple chunks. Let the evidence span 1658

[a, b] be split into k = ⌈(b − a)/S⌉ chunks. For 1659

each fragment Ci, the CPMI estimate becomes: 1660

Û(Ci) = CPMI(Ci) < CPMI([a, b]) = Utrue
(17) 1661

This underestimation occurs because each frag- 1662

ment, viewed in isolation, appears to have low con- 1663

textual dependency—the long-range signal is di- 1664

luted across fragments. 1665

Optimal Chunk Size Selection. The optimal 1666

chunk size satisfies: 1667

S∗ = min{S : S ≥ ET , ∀T ∈ target tasks}
(18) 1668

For a diverse benchmark like ZeroSCROLLS 1669

containing both local and multi-hop tasks, S = 1670

1024 emerges as the robust choice: it satisfies S ≥ 1671

ET for most multi-hop instances while maintaining 1672

reasonable granularity for local tasks. 1673

Empirical Validation. Table 4 in the main text 1674

validates this analysis: 1675

• At S = 512: MuSiQue collapses to 10.0 (evi- 1676

dence fragmentation) 1677

• At S = 1024: MuSiQue recovers to 25.8 1678

(S ≥ ET ) 1679

• At S = 2048: Marginal improvement (25.3) 1680

with reduced local precision 1681

This provides a principled explanation for why 1682

S = 1024 achieves the best cross-task robustness: 1683

it is the minimum chunk size that avoids catas- 1684

trophic evidence fragmentation across the task dis- 1685

tribution. For tasks with intermediate evidence 1686

spans like Qasper, performance naturally peaks at 1687

the corresponding granularity (S = 512), confirm- 1688

ing that S ≈ ET is the theoretical optimum. 1689
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J.1 Information-Theoretic Lower Bound on1690

Fragmented Utility1691

The empirical observation that fragmented evi-1692

dence leads to utility underestimation admits a for-1693

mal information-theoretic explanation. We show1694

that chunking an evidence span introduces a sys-1695

tematic negative bias in utility estimation due to1696

the loss of synergistic information.1697

Definition 3 (Contextual Utility as Mutual Informa-1698

tion). Let G denote the global context (long-range1699

prefix) and L denote the local context (sliding win-1700

dow). For a token xt, the Contextual Utility can1701

be interpreted as the absolute mutual information1702

gain:1703

U(xt) = |I(xt;G)− I(xt;L)|1704

≈ |I(xt;G \ L | L)| (19)1705

where G \ L represents the distant context beyond1706

the local window. For a chunk C, the aggregate1707

utility is U(C) =
∑

xt∈C U(xt).1708

Proposition 1 (Utility Underestimation Under1709

Fragmentation). Let E = C1 ∪ C2 be an evidence1710

span partitioned into two adjacent chunks. Then1711

the sum of individual chunk utilities is bounded1712

above by the utility of the unified span:1713

U(C1) + U(C2) ≤ U(E) + ϵ (20)1714

where ϵ ≤ 0 when the chunks exhibit informa-1715

tion synergy (i.e., positive interaction information).1716

Equality holds if and only if C1 and C2 are infor-1717

mationally independent given the global context.1718

Proof. We leverage the chain rule of mutual infor-1719

mation. Let G denote the global context. The joint1720

utility of the unified evidence span E = C1 ∪ C21721

satisfies:1722

I(E;G) = I(C1;G) + I(C2;G | C1) (21)1723

The fragmented utility estimation treats C1 and1724

C2 independently:1725

Û(E) = I(C1;G) + I(C2;G) (22)1726

The fragmentation gap is therefore:1727

∆frag = I(E;G)− Û(E)1728

= I(C2;G | C1)− I(C2;G)1729

= −I(C1;C2;G) (23)1730

where I(C1;C2;G) is the interaction information1731

(also known as co-information or multivariate mu-1732

tual information), defined as:1733

I(C1;C2;G) = I(C2;G)− I(C2;G | C1) (24)1734

Interpretation. The interaction information 1735

I(C1;C2;G) measures the degree to which C1 and 1736

C2 synergistically inform G: 1737

• Positive interaction (I > 0): C1 and C2 are 1738

redundant—knowing one reduces the infor- 1739

mation gain from the other. Fragmentation 1740

causes overestimation (rare). 1741

• Negative interaction (I < 0): C1 and C2 1742

are synergistic—together they provide more 1743

than the sum of parts. This is characteristic 1744

of reasoning chains. Fragmentation causes 1745

underestimation. 1746

For multi-hop reasoning tasks like MuSiQue, 1747

where the answer requires synthesizing facts from 1748

multiple locations, the evidence exhibits strong neg- 1749

ative interaction information. Thus: 1750

I(C1;C2;G) < 0 =⇒ ∆frag > 0 1751

=⇒ U(E) > Û(E) (25) 1752

This proves that fragmented utility estimation is 1753

a systematic lower bound on the true utility when 1754

evidence is synergistic. 1755

Consequence for Chunk Size Selection. Propo- 1756

sition 1 rigorously justifies the catastrophic perfor- 1757

mance collapse at small chunk sizes on multi-hop 1758

tasks. The fragmentation gap ∆frag is not merely 1759

noise but a structured bias scaling with inter-chunk 1760

synergy. The optimal S∗ must satisfy S ≥ ET to 1761

ensure synergistic evidence is not partitioned. 1762

Connection to Cognitive Science. This parallels 1763

the binding problem in cognitive neuroscience: a 1764

reasoning chain stored in working memory must 1765

be represented as a unified chunk to preserve logi- 1766

cal coherence. Fragmenting it destroys emergent 1767

meaning, analogous to how fragmenting a sentence 1768

into words loses compositional semantics. 1769

K Theoretical Justification for CPMI vs. 1770

Surprisal 1771

A natural alternative to our CPMI-based utility is a 1772

simpler, non-uniform gating policy based solely on 1773

Surprisal (or Perplexity), i.e., prioritizing chunks 1774

with high Llocal(x) = − logP (x | xlocal). While 1775

intuitively appealing (allocating compute to “hard” 1776

regions), this approach is mathematically subopti- 1777

mal for long-context adaptation. 1778
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Proposition. Surprisal measures difficulty,1779

whereas CPMI measures dependency.1780

Let the information content of a token xt be1781

decomposed as:1782

I(xt | xglobal) = I(xt | xlocal)

− I(xt;xdistant | xlocal)︸ ︷︷ ︸
CPMI

(26)1783

High surprisal (I(xt | xlocal) is large) can arise1784

from two sources:1785

1. Aleatoric Uncertainty: The token is inher-1786

ently unpredictable (e.g., a random name or1787

number), regardless of context.1788

2. Epistemic Uncertainty (Contextual): The1789

token is predictable given long-range context1790

but unpredictable locally.1791

Gradient adaptation on Type 1 tokens is waste-1792

ful—it forces the model to memorize noise. Adap-1793

tation on Type 2 tokens is high-value—it re-1794

trieves recoverable information. CPMI (| logPfull−1795

logPlocal|) specifically isolates Type 2 uncertainty1796

by cancelling out the intrinsic difficulty. A1797

surprisal-based baseline would confuse noise with1798

signal, allocating budget to intrinsically hard but1799

context-irrelevant tokens. Thus, CPMI is the the-1800

oretically correct objective for context-dependent1801

memory consolidation.1802

L Detailed Related Work1803

Context Engineering Context engineering op-1804

timizes information payloads for large language1805

models, spanning techniques from foundational1806

prompt design to advanced management strate-1807

gies (Mei et al., 2025; Huang, 2025; Hua et al.,1808

2025; Sahoo et al., 2024; Haider et al., 2024).1809

Core methodologies include in-context learning1810

and chain-of-thought prompting for adaptive rea-1811

soning (Weng, 2024; Allingham et al., 2023; Brown1812

et al., 2020a; Chen et al., 2025b; Wei et al., 2022;1813

Ohalete et al., 2025). Recent approaches focus1814

on retrieval-augmented generation (RAG) and au-1815

tomated prompt optimization (Lewis et al., 2020;1816

Nogueira and Cho, 2019; Shin et al., 2020; Li et al.,1817

2025a; Karpukhin et al., 2020), while efficient con-1818

text management techniques address quadratic scal-1819

ing limitations through window extension, com-1820

pression, and hierarchical processing (Li et al.,1821

2023; Vaswani et al., 2017; Mao et al., 2024; Fu1822

et al., 2024; Duan et al., 2025; Zhu et al., 2025;1823

Tan et al., 2024; Wang et al., 2024b; Song et al., 1824

2024; Zhou et al., 2024; Hou et al., 2024a; Rat- 1825

ner et al., 2022; Zhang et al., 2024f; Sun et al., 1826

2025; Wu et al., 2025b; Wang et al., 2024a). Par- 1827

allel efforts tackle robustness and knowledge con- 1828

flicts via context-aware decoding, representation 1829

engineering, and activation alignment (He et al., 1830

2024b,a; Govindan et al., 2025; Park et al., 2025a; 1831

Wang et al., 2025a; Zhao et al., 2024b; Longpre 1832

et al., 2021; Khandelwal et al., 2025; Shi et al., 1833

2023; Zhou et al., 2023; Zhao et al., 2024a; Shen 1834

et al., 2025; Porretta et al., 2025; Katrix et al., 2025; 1835

Juki’c et al., 2025; Houlsby et al., 2019; Park et al., 1836

2025b). Domain-specific applications demonstrate 1837

these methods in tabular analysis, translation, clin- 1838

ical NLP, and traffic prediction (Hollmann et al., 1839

2023; Wu and Hu, 2023; Sivarajkumar et al., 2024; 1840

Zheng et al., 2024; Yang et al., 2023), often uti- 1841

lizing filtering mechanisms to enhance retrieval 1842

precision (Shi et al., 2025; Cheng et al., 2024; 1843

Chakraborty et al., 2025). 1844

Memory Management Memory management in 1845

large language models has evolved to address the 1846

critical bottlenecks imposed by model weights and, 1847

increasingly, the ephemeral activation memory re- 1848

quired for inference. While parametric memory 1849

stores implicit knowledge in model weights (Li 1850

et al., 2025b; Zhang et al., 2025b; Hsieh et al., 1851

2023), the key-value (KV) cache has emerged as 1852

the dominant constraint, often consuming signifi- 1853

cantly more memory than parameters and scaling 1854

linearly with sequence length (Liu et al., 2023b; 1855

Zhang et al., 2024d; Kwon et al., 2023; Dai et al., 1856

2024; Cai et al., 2025; Roy et al., 2025; Shutova 1857

et al., 2025; Barua, 2024; Modarressi et al., 2023; 1858

Li et al., 2025c; Cheng et al., 2025; Brown et al., 1859

2020b; Gao et al., 2018; Dao et al., 2022). To 1860

mitigate these limitations, research has introduced 1861

virtual memory and paging techniques akin to oper- 1862

ating systems (Kwon et al., 2023; Xue et al., 2024; 1863

Koilia and Kachris, 2024; Zhang et al., 2025a; 1864

Chitty-Venkata et al., 2025), as well as advanced 1865

compression and quantization methods to reduce 1866

footprints without quality loss (Xie et al., 2025; 1867

Srinivas and Runkana, 2025; Zhang et al., 2024c). 1868

Dynamic eviction strategies, including heavy-hitter 1869

identification and attention-based pruning, selec- 1870

tively discard less critical tokens to maintain fixed 1871

budgets (Yuan et al., 2025; Zhang et al., 2023; Zeng 1872

et al., 2025; Shinwari and Usama, 2025; Yi et al., 1873

2024). Parallelization and offloading frameworks 1874

22



further optimize resource utilization across devices1875

(Yang et al., 2024; Ren et al., 2021; Sheng et al.,1876

2023; Wu and Tu, 2024; Banasik, 2025), while hi-1877

erarchical and biologically inspired architectures1878

offer structured approaches to long-term memory1879

and personalization (Fang et al., 2024; Rezazadeh1880

et al., 2024; Kang et al., 2025a; Hou et al., 2024b;1881

Li et al., 2024; Metinov et al., 2025; Zhong et al.,1882

2023a; Huang et al., 2024).1883

Agent Memory Research on agent memory in1884

large language models addresses the constraints of1885

limited context windows and static training data1886

by enabling persistent information storage and1887

retrieval. Existing approaches categorize mem-1888

ory into distinct types, differentiating between1889

short-term working memory and long-term stor-1890

age (Han et al., 2024; Wang and Chen, 2025; Srid-1891

har et al., 2023), as well as distinguishing para-1892

metric memory in model weights from explicit1893

contextual memory (Du et al., 2025a; Shan et al.,1894

2025). More granular taxonomies identify spe-1895

cialized forms such as episodic, consensus, se-1896

mantic, and procedural memory (Han et al., 2024;1897

Terranova et al., 2025). Structurally, methods1898

range from knowledge-organization and retrieval-1899

oriented mechanisms to architecture-driven hierar-1900

chies (Kang et al., 2025b; Zhong et al., 2023b).1901

While early work relied heavily on Retrieval1902

Augmented Generation (RAG) and static vector1903

databases (Lewis et al., 2020; Xu et al., 2025b;1904

Vishwakarma et al., 2025), recent advancements1905

explore graph-based systems (Anokhin et al., 2024;1906

Vishwakarma et al., 2025) and diverse formats like1907

natural language or embeddings (Wang et al., 2023;1908

Shinn et al., 2023). Contemporary frameworks im-1909

plement core operations—consolidation, updating,1910

indexing, and forgetting—to manage memory dy-1911

namics, often incorporating biologically inspired1912

mechanisms like forgetting curves (Xiong et al.,1913

2025; Park et al., 2023; Zhao et al., 2023; Cao1914

et al., 2025). Despite these advances, challenges1915

remain in autonomous memory management, with1916

many systems relying on manual predefinitions1917

(Zhang et al., 2025d; Wang et al., 2025b; Zhang1918

et al., 2024e) or suffering from structural rigid-1919

ity and catastrophic forgetting (Xu et al., 2025b;1920

Zhang et al., 2025c; Guo et al., 2023). Applica-1921

tions span gaming, dialogue, and procedural tasks1922

(Hu et al., 2024b; Zeng et al., 2024; Hu et al.,1923

2024a; Fang et al., 2025; Mohammed, 2025). Fu-1924

ture research directions emphasize unified theo-1925

retical frameworks (Wu et al., 2025a), episodic 1926

memory for single-shot learning (Pink et al., 2025), 1927

and scalable, autonomous systems capable of self- 1928

evolution (Salama et al., 2025; Zhang et al., 2024e; 1929

Hu et al., 2025; Huang et al., 2025). 1930

Test-Time Adaptation. A growing line of work 1931

treats deployment as an optimization phase, im- 1932

proving robustness and adaptation by updating 1933

model states at inference time under shift or nov- 1934

elty, often via self-supervised objectives and safe- 1935

guards against forgetting or noisy updates (Niu 1936

et al., 2022; Tang et al., 2023; Park et al., 2024; 1937

Zhang et al., 2024a). Within LLMs, inference-time 1938

optimization spans gradient-based test-time train- 1939

ing on task instances or auxiliary data, including 1940

adaptation driven by retrieved neighbors, contex- 1941

tual streams, active/verification-guided sample se- 1942

lection, and selective test-time learning for evalu- 1943

ation models (Hardt and Sun, 2024; Muhtar et al., 1944

2024; Hübotter et al., 2024; Hübotter et al., 2025; 1945

Moradi et al., 2025; Jwa et al., 2025; Akyürek 1946

et al., 2025). In parallel, test-time compute can 1947

be optimized at the policy level—allocating com- 1948

putation across candidate solutions or update ac- 1949

tions—through principled test-time scaling, meta- 1950

learned compute control, or reinforcement learning 1951

at inference (Snell et al., 2024; Qu et al., 2025; 1952

Zuo et al., 2025). Complementary inference-time 1953

strategies reduce effective context cost by com- 1954

pressing or distilling long inputs and intermediate 1955

representations, ranging from selective augmenta- 1956

tion/compression in retrieval pipelines to learned 1957

and training-free prompt compression, dynamic al- 1958

location of soft tokens, activation-based beacons, 1959

and near-lossless KV compression (Xu et al., 2023; 1960

Chevalier et al., 2023; Jiang et al., 2024; Pan et al., 1961

2024; Fei et al., 2025; Chen et al., 2025a; Zhang 1962

et al., 2024b; Chari et al., 2025). 1963

M Datasets 1964

We evaluate GDWM on two complementary long- 1965

context benchmarks: ZeroSCROLLS—a zero- 1966

shot suite adapted from SCROLLS with reli- 1967

able, task-specific automatic metrics—and Long- 1968

Bench v2—a realistic long-context benchmark us- 1969

ing multiple-choice questions for robust evaluation. 1970

M.1 ZeroSCROLLS 1971

Benchmark overview. ZeroSCROLLS is a zero- 1972

shot benchmark for long-text understanding that 1973

contains no training split and only small validation 1974
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Task Type Metric Avg #Words

GovReport Summarization ROUGE 7,273
QMSum QB-Summ ROUGE 10,839
Qasper QA F1 3,531
NarrativeQA QA F1 49,384
QuALITY (Quality) MC-QA Accuracy 4,248
MuSiQue QA (Multi-hop) F1 1,749

Table 5: ZeroSCROLLS tasks used in this work and
their official metrics/statistics (Shaham et al., 2023).

sets, with each task capped at 500 examples to1975

keep evaluation affordable. It extends SCROLLS1976

by adapting six long-document tasks and adding1977

four new tasks, covering summarization, question1978

answering, and information aggregation.1979

Tasks used in this work. Following prior long-1980

context evaluation practice, we select six represen-1981

tative ZeroSCROLLS tasks spanning both sparse-1982

evidence and dense-coverage regimes: (i) Gov-1983

Report and QMSum for (query-based) summa-1984

rization, (ii) Qasper and NarrativeQA for long-1985

context QA, (iii) QuALITY (denoted as Quality1986

in our paper) for multiple-choice comprehension,1987

and (iv) MuSiQue for multi-hop QA.1988

Evaluation metrics. ZeroSCROLLS uses task-1989

aligned automatic metrics: ROUGE for summariza-1990

tion, F1 for extractive/abstractive QA-style tasks,1991

and Accuracy for multiple-choice QA. We report1992

the official metrics with the benchmark’s evaluation1993

scripts.1994

M.2 LongBench v21995

Benchmark overview. LongBench v2 is a realis-1996

tic long-context benchmark designed to test deep1997

understanding and reasoning over long inputs. It1998

contains 503 challenging multiple-choice ques-1999

tions with contexts ranging from 8k to 2M words,2000

organized into 6 major categories and 20 subtasks.2001

All examples are in English, and each instance in-2002

cludes a long context, a question, four options, a2003

ground-truth answer, and annotated evidence for2004

verification. The benchmark emphasizes evaluation2005

reliability by using accuracy-based scoring (rather2006

than free-form generation metrics).2007

Task categories and statistics. Table 6 summa-2008

rizes the six categories and their median context2009

lengths. Notably, LongBench v2 includes long-2010

dialogue history understanding and code-repository2011

understanding, which directly stress memory and2012

retrieval under long context.2013

Category #Questions Median #Words

Single-Document QA 175 51k
Multi-Document QA 125 34k
Long In-context Learning 81 71k
Long-dialogue History Understanding 39 25k
Code Repository Understanding 50 167k
Long Structured Data Understanding 33 49k

Table 6: LongBench v2 category-level statistics reported
in Bai et al. (2025).

Evaluation protocol. We follow the official 2014

LongBench v2 evaluation protocol and report accu- 2015

racy (overall and category-wise). For consistency 2016

across settings, all methods are evaluated under 2017

the same context-length budget of the underlying 2018

base model; when an instance exceeds the model 2019

limit, we follow the benchmark-recommended pre- 2020

processing/truncation behavior (Bai et al., 2025). 2021
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