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Abstract001

Prompt-based in-context learning (ICL) and002
parameter fine-tuning are two dominant003
paradigms for incorporating external infor-004
mation into large language models (LLMs),005
but they incur high inference costs or re-006
quire expensive retraining. To bridge this007
gap, context-to-parameter mapping converts008
prompts into temporary adapter weights.009
However, we identify a critical failure mode010
in existing methods: hidden-state collapse,011
where the adapter-augmented model’s internal012
states diverge sharply from the full-context013
oracle in deeper layers. We trace this failure014
to two coupled gaps: suboptimal Input-015
Selection and inadequate Supervision-Signal.016
To address these issues, we propose SADA017
(State-Aligned Distillation Adapters). We018
establish the attention-block output as a019
principled feature interface to improve input020
selection and introduce state-alignment021
distillation to enforce consistency between the022
adapter-augmented model and the full-context023
oracle. Experiments on long-context language024
modeling (PG19) and downstream NLU and025
summarization benchmarks show that SADA026
consistently outperforms StreamAdapter and027
GenerativeAdapter, achieving performance028
comparable to ICL while significantly re-029
ducing memory footprint and latency. We030
further analyze when parameterized context031
compression is effective and when explicit032
context retention remains preferable. Our033
code is available at https://anonymous.034
4open.science/r/SADA-F924.035

1 Introduction036

In recent years, Large Language Models (LLMs)037

have achieved strong performance across many038

tasks (Minaee et al., 2024; Zhao et al., 2023),039

yet general-purpose models still struggle with040

domain-specific or complex real-world require-041

ments (Chen et al., 2025a). Consequently, effi-042

cient and precise knowledge injection has become043
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Figure 1: Hidden-state fidelity predicts correctness.
Layer-wise hidden-state MSE between the injected
model and the full-context oracle.

a central problem (Lv et al., 2025). Currently, two 044

paradigms dominate this landscape: parameter- 045

update-based fine-tuning (FT) and prompt-based 046

In-Context Learning (ICL) (Dong et al., 2024; Han 047

et al., 2024). 048

Fine-tuning internalizes new information into 049

model weights, yielding efficient inference once 050

training is done, but it is costly to repeat and hard 051

to control for localized knowledge edits. Updat- 052

ing parameters can also unintentionally overwrite 053

prior capabilities (i.e., catastrophic forgetting) (Li 054

et al., 2024a; van de Ven et al., 2024). 055

In contrast, ICL keeps evidence explicit in the 056

prompt, making updates reversible and more con- 057

trollable. However, long contexts are slow and 058

memory-intensive (Wan et al., 2024): compute 059

and the KV cache scale linearly with context 060

length, quickly exhausting GPU memory and lim- 061

iting batch size. 062

To bridge the gap between the flexibility of ICL 063

and the efficiency of FT, a new paradigm known as 064

Context-to-Parameter Mapping (or Test-Time 065

Adaptation) has emerged. Pioneering works such 066

as GenerativeAdapter (Chen et al., 2025b) and 067

StreamAdapter (Muhtar et al., 2024) convert con- 068

textual representations into temporary adapter pa- 069
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rameters (e.g., LoRA weights) via a lightweight070

hypernetwork, aiming to achieve “fine-tuning-like071

adaptation at inference time” in a single forward072

pass.073

However, we identify a critical failure mode074

in these approaches regarding behavioral fidelity.075

As illustrated in Figure 1, we compare the layer-076

wise internal states of the injected model Strea-077

mAdapter (no explicit prompt; adapted via in-078

jected adapters) against a full-context oracle. The079

results reveal a decisive correlation: when the080

model answers correctly, its hidden states remain081

close to the oracle (low MSE); conversely, incor-082

rect answers diverge sharply in deeper layers. This083

highlights a concrete consequence: supervision on084

logits alone is insufficient, because once the inter-085

mediate reasoning trajectory deviates, the model086

can fail on complex reasoning or long-range de-087

pendencies even if the final outputs are matched.088

Viewed through this lens, existing methods fail089

to achieve such alignment due to two coupled090

gaps:091

• (i) Input-Selection Gap: Prior methods such092

as StreamAdapter use the KV cache, while093

GenerativeAdapter uses raw hidden states as094

features for parameter generation. These095

choices are not explicitly grounded in how096

attention-driven context shifts induce effec-097

tive weight updates, so the mapping module098

can fail to preserve the oracle trajectory.099

• (ii) Supervision-Signal Gap: Current objec-100

tives primarily optimize for outcome match-101

ing (e.g., Cross-Entropy on Ground Truth).102

As evidenced by Figure 1, such supervision103

is insufficient to constrain intermediate states104

that support multi-step reasoning, leading to105

trajectory divergence in deep layers.106

Motivated by this evidence, we propose SADA107

(State-Aligned Distillation Adapters). To resolve108

the input-selection gap, we analytically justify the109

attention output as a principled feature interface110

for context-to-parameter conversion, drawing a111

connection to implicit gradient-based adaptation.112

To resolve the supervision-signal gap, we intro-113

duce State-Alignment Distillation to align inter-114

mediate feature distributions between the injected115

model and the full-context oracle, improving be-116

havioral fidelity beyond output matching while117

keeping memory footprint small.118

We evaluate SADA on long-context modeling,119

ICL, and downstream benchmarks. SADA con-120

sistently outperforms StreamAdapter and exceeds 121

GenerativeAdapter where reported, while also re- 122

ducing memory and latency compared to ICL and 123

lowering training cost relative to fine-tuning. We 124

also characterize a clear task boundary: SADA is 125

robust on concept-oriented tasks via pattern com- 126

pression, whereas entity-intensive tasks that de- 127

mand precise factual recall are better served by re- 128

trieval or KV cache compression methods (Zhang 129

et al., 2023; Li et al., 2024b), suggesting that pa- 130

rameterized mapping acts as lossy compression 131

that attenuates detailed entity bindings. 132

The main contributions of this paper are summa- 133

rized as follows: 134

• SADA Framework: We propose a parame- 135

terized knowledge injection framework fea- 136

turing a Mapping Module. This module dy- 137

namically converts the internal representa- 138

tions of context prompts into model parame- 139

ters, bridging the gap between ICL flexibility 140

and FT efficiency. 141

• Theoretical Foundation & Alignment: We 142

provide theoretical motivation linking atten- 143

tion outputs to gradient-based adaptation, of- 144

fering a principled foundation for feature se- 145

lection in context-to-parameter mapping, and 146

introduce a projection-based state-alignment 147

strategy that better preserves internal reason- 148

ing trajectories. 149

• Extensive Validation: Empirical results 150

show that SADA outperforms StreamAdapter 151

and GenerativeAdapter on long-context mod- 152

eling and summarization, while improving in- 153

ference efficiency (memory and latency) rela- 154

tive to standard ICL and reducing training re- 155

source consumption compared to fine-tuning. 156

2 Related Work 157

Efficient Long-Context Modeling. Long- 158

context ICL can be slow and memory-intensive, 159

so prior work mainly follows two directions: 160

modifying attention and compressing context. 161

Architectural approaches such as sparse atten- 162

tion (Child et al., 2019) and sliding windows 163

(e.g., StreamingLLM (Xiao et al., 2024)) reduce 164

compute but may weaken global awareness. 165

Compression methods such as LLMLingua (Jiang 166

et al., 2023) and SnapKV (Li et al., 2024b) remove 167

tokens or KV pairs to fit a budget, which may 168

drop information. In contrast, SADA avoids 169
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growing the KV cache by compressing history170

into dynamically generated parameters.171

Parameter-Efficient Fine-Tuning (PEFT).172

PEFT adapts frozen LLMs via lightweight mod-173

ules (Han et al., 2024), spanning addition-based174

Adapters (Houlsby et al., 2019), prompt-based175

Prefix-Tuning (Li and Liang, 2021), and repa-176

rameterization methods like LoRA (Hu et al.,177

2022). However, these approaches yield static178

weights that remain fixed after training. SADA179

distinguishes itself by functioning as a hypernet-180

work that dynamically generates instance-specific181

parameters from the input stream, combining182

PEFT’s efficiency with the real-time adaptability183

of In-Context Learning.184

Context-to-Parameter Mapping. The most rel-185

evant prior works are hypernetwork-based meth-186

ods like StreamAdapter (Muhtar et al., 2024) and187

GenerativeAdapter (Chen et al., 2025b), which188

map context directly to adapter weights. Unlike189

these approaches, which typically rely on heuristic190

feature sources and logit-level supervision, SADA191

distinguishes itself by grounding the mapping in192

attention-output features and enforcing layer-wise193

state alignment via State-Aligned Distillation.194

3 Methodology195

In this section, we formally introduce SADA, a196

framework designed to bridge the gap between197

transient context prompting and static parameter198

fine-tuning. We begin by analyzing the mechan-199

ics of ICL through the lens of gradient updates,200

which provides the theoretical grounding for our201

architecture. Subsequently, we detail the SADA202

mechanism, structured around state-space mod-203

eling (Dao and Gu, 2024), and conclude with204

our projection-based distillation training objective.205

The exposition mirrors the two coarse-grained206

gaps discussed earlier: we first justify the feature207

source for context-to-parameter conversion, then208

describe how to align internal states rather than209

only matching output logits.210

3.1 Motivation: ICL as Layer-wise Implicit211

Gradient Updates212

To motivate a module that maps context into pa-213

rameters, we interpret in-context information as in-214

ducing layer-wise, first-order effective weight up-215

dates. We deliberately restrict the argument to216

a single-layer linearization: it provides the right217

intuition without assuming global linearity across 218

depth. 219

Layer-wise view. Let a Gated MLP layer be 220

y = Wdown(ϕ(Wgatex)⊙ (Wupx)) . (1) 221

In ICL, attention retrieves contextual information 222

and adds it to the residual stream, 223

x′ = x+ δctx. (2) 224

A first-order expansion around x shows that this 225

input shift is equivalent to low-rank perturbations 226

of the layer parameters, i.e., a LoRA-like update 227

with a shared right factor δctx: 228

W′ ≈ W +U(x) δ⊤ctx, (3) 229

where U(x) is an input-dependent factor deter- 230

mined by the local Jacobian (full derivation in 231

Appendix A). This connects ICL to an implicit 232

gradient-style modulation: context specifies the 233

update direction while the current state x deter- 234

mines the local scaling. 235

Why attention output features? We take δctx 236

as the attention output, δctx = softmax(QK⊤)V . 237

It is naturally aligned with x via queries, nor- 238

malized by softmax, and aggregated across heads, 239

yielding a stable signal that directly reflects how 240

context modifies the residual stream. Using the 241

attention output as input to our mapping module 242

therefore provides a principled and effective fea- 243

ture for generating ∆W (Table 4). 244

Implication. We thus model “memory injection” 245

as dynamically generating layer-specific low-rank 246

updates ∆W that modulate both content transfor- 247

mation and routing. The main text keeps only this 248

first-order layer-wise intuition; deeper nonlinear 249

interactions are beyond our scope and deferred to 250

future work. 251

3.2 The SADA Architecture 252

SADA is an auxiliary memory mechanism that 253

summarizes evicted tokens (history) and uses the 254

resulting state to modulate the processing of local 255

tokens (current context). At a high level, SADA 256

implements: compress(history) → evolve(state) 257

→ inject a low-rank update into selected frozen 258

layers. Figure 2 illustrates the training signals 259

used to supervise these dynamically generated up- 260

dates. 261
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Figure 2: Training strategy for SADA showing distillation signals supervising dynamically generated weight up-
dates.

3.2.1 Memory Encoder: Compression and262

State Evolution263

Let Xhist ∈ RL×d denote evicted tokens, i.e.,264

the historical attention outputs (layer-wise resid-265

ual features) produced by the frozen LLM at the266

corresponding layer. We split Xhist into chunks267

{Xk}Kk=1 of size C. For each chunk, we extract268

a fixed-size semantic summary using N learnable269

queries Qmeta via intra-chunk cross attention.270

Chunk projection.271

Kk = XkWK , Vk = XkWV , (4)272

Compression.273

Uk = CrossAttn(Qmeta, Kk, Vk) (5)274

where WK ,WV are standard projections.275

State evolution. Inspired by the selective state276

update idea in Mamba-2 (Dao and Gu, 2024), we277

maintain continuity across chunks with a gated re-278

current update over meta memory states Mk ∈279

RN×dstate :280

Mk = γk ⊙Mk−1 +Uk,

γk = σ(UkWγ + bγ)
1/τ ,

(6)281

where γk is a decay gate, τ controls retention, and282

⊙ is element-wise multiplication. The resulting283

Mk serves as a compact, evolving representation284

of the evicted history.285

3.2.2 Dynamic Injection via Meta-LoRA 286

We inject the memory state into a frozen LLM by 287

generating a context-conditioned low-rank update 288

for selected linear layers (e.g., the attention out- 289

put projection). We use the row-vector conven- 290

tion: for a token representation xt ∈ R1×d and 291

a linear weight W0 ∈ Rd×dout , the layer output is 292

yt = xtW0. Under this convention, we adopt the 293

LoRA form ∆Wk = ABk, where A is static and 294

Bk is generated from memory. 295

Specifically, we set the static down-projection 296

A ≜ WMetaA ∈ Rd×dstate and produce a 297

dynamic up-projection from the current memory 298

state Mk ∈ RN×dstate : 299

Bk = M⊤
k WMetaB ∈ Rdstate×dout , (7) 300

where WMetaB ∈ RN×dout maps memory slots to 301

the layer output space. The forward pass is: 302

yt = xtW0 + α
(
xtWMetaA

)
Bk

= xtW0 + αxt

(
WMetaABk

)︸ ︷︷ ︸
∆Wk

, (8) 303

where α is a scaling factor and ∆Wk is a rank- 304

dstate update conditioned on the compressed his- 305

tory Mk. 306

Remark. This design separates (i) memory for- 307

mation in Mk from (ii) parameter modulation via 308

∆Wk, enabling efficient adaptation without stor- 309

ing the full historical context. 310
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3.3 Training Strategy311

The overall training pipeline is illustrated in Fig. 2,312

showing how the mapping module aligns with313

oracle states from full-context processing. Our314

method follows a two-stage recipe. In Stage I315

(General Distillation), we use large-scale pre-316

training data with a sliding-window scheme and317

optimize with MSE on hidden states plus KL di-318

vergence on logits. In Stage II (Task Alignment),319

we distill long-context hidden states while optimiz-320

ing the target output with LM_Loss. Accordingly,321

SWSD is used in Stage I for long-context distilla-322

tion, while TAD is used in Stage II for task align-323

ment.324

3.3.1 Stage I (General Distillation): Sliding325

Window State Distillation (SWSD)326

For general language generation and long-context327

processing, we employ SWSD to train the Map-328

ping Module to compress historical context into329

weight space. For a sequence X of length L, we330

utilize a window size C ′ and a stride size ∆. The331

process follows an iterative cycle:332

• Context Eviction and Encoding: In each333

step, we evict the earliest ∆ tokens and en-334

code their attention-output hidden states (i.e.,335

the attention-induced residual increment) to336

predict parameter updates ∆W .337

• Dual-Path Forward Pass: We run two for-338

ward passes for the incoming ∆ tokens: a339

Teacher Path with the full-context KV cache340

and a Student Path using ∆W with a trun-341

cated context.342

• Gradient Accumulation: The loss aligns the343

student’s hidden states and logits with the344

teacher and is accumulated over X before up-345

dating SADA parameters.346

We optimize the mapping module with hidden-347

state regression and logit alignment:348

Lstage1 = LMSE + LKL (9)349

where LMSE is the mean-squared error averaged350

across layers,351

LMSE =
1

|S|
∑
ℓ∈S

∥∥Ht
ℓ −Hs

ℓ

∥∥2
2
, (10)352

and LKL = KL(pt ∥ ps) aligns teacher and student353

output distributions.354

3.3.2 Stage II: Task Alignment Distillation 355

(TAD) 356

To adapt SADA for a broader range of post- 357

training tasks, we employ TAD with a 2-forward- 358

1-backward strategy. For each sample, we form a 359

task-specific context (e.g., exemplars, instructions, 360

or prompts) and a target sequence to be predicted. 361

1. First Forward (Oracle States, no-grad): 362

We run the frozen base model on the full input 363

(context + target) without gradient to obtain 364

the teacher cache and oracle hidden states at 365

the target positions. 366

2. Second Forward (Parameter Injection): 367

The SADA mapping module encodes the 368

teacher cache (e.g., teacher attention outputs) 369

to predict parameter updates ∆W . We then 370

run the student forward using the truncated 371

explicit context with injected ∆W , and pro- 372

cess the target sequence. 373

3. Task Alignment (single backward): We 374

compute a combined loss consisting of (i) 375

hidden-state MSE against the oracle (aver- 376

aged across selected layers and target posi- 377

tions) and (ii) the language-modeling loss 378

on the target tokens, and backpropagate only 379

through the mapping/SADA module. 380

In this stage, we combine hidden-state distilla- 381

tion with the language modeling objective: 382

Lstage2 = LLM + LMSE. (11) 383

4 Experiment 384

4.1 Setup 385

We evaluate SADA across two primary dimen- 386

sions: long-context language modeling and post- 387

training alignment on downstream NLU and sum- 388

marization tasks. 389

Baselines. We compare against five represen- 390

tative approaches: ICL (full prompt + full 391

KV cache at inference, used as a full-context 392

reference), Fine-tuning (SFT on task data), 393

SnapKV (KV-cache pruning/compression), and 394

two context-to-parameter hypernetwork baselines, 395

StreamAdapter and GenerativeAdapter (see re- 396

lated work for details). 397

Models. We utilize Qwen2.5-1.5B-Instruct and 398

Qwen2.5-3B-Instruct as the foundation models 399

(Qwen et al., 2025). 400
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Table 1: Comparison on PG19 test set across varying maximum context lengths

Method 2K 4K 8K 16K 32K 64K 128K

Qwen-2.5-1.5B

Sliding Window 13.97 13.72 13.57 13.59 13.67 13.72 13.72
StreamAdapter 13.99 13.69 13.49 13.42 13.49 13.31 13.05
GenerativeAdapter 14.11 13.82 13.63 13.55 13.59 13.39 13.09
Ours 13.72 13.45 13.27 13.18 13.20 12.98 12.65

Qwen-2.5-3B

Sliding Window 12.09 11.86 11.74 11.76 11.84 11.83 11.82
StreamAdapter 12.12 11.87 11.72 11.68 11.74 11.64 11.63
GenerativeAdapter 12.07 11.82 11.68 11.64 11.67 11.56 11.55
Ours 11.98 11.74 11.60 11.55 11.58 11.45 11.42

Table 2: Main results on NLU (Seen/Unseen; accuracy) and long-form summarization (GovReport and QMSum;
ROUGE) with Qwen2.5-Instruct backbones. ICL uses the full prompt and serves as an upper bound.

Qwen2.5-1.5B-Instruct Qwen2.5-3B-Instruct

NLU Summarization NLU Summarization

Method Seen Unseen GovReport QMSum Seen Unseen GovReport QMSum

ICL 80.22 57.48 25.98 21.62 79.31 63.68 31.97 24.31

Fine-tuning 56.92 54.62 7.87 17.77 77.34 61.75 8.21 14.86
SnapKV 77.07 55.73 10.72 14.36 77.92 62.04 12.93 14.78
StreamAdapter 85.01 55.62 18.03 11.08 87.25 60.43 22.32 19.17
GenerativeAdapter 85.08 56.11 18.17 12.12 86.60 61.69 21.14 17.82
Ours 86.50 56.68 19.07 18.64 88.18 63.33 24.57 19.68

Datasets. For long-context capabilities, we eval-401

uate language modeling perplexity using the402

PG19 dataset(Rae et al., 2019). For post-training403

task alignment, we evaluate on a mixture of404

NLU benchmarks and long-form summarization405

datasets (GovReport (Huang et al., 2021) and QM-406

Sum (Zhong et al., 2021)), and use a Seen/Unseen407

split to measure in- vs. out-of-distribution general-408

ization.409

4.2 Long-Context Modeling (PG19).410

Training Details. We set the training sequence411

length to 8,192 and employed a sliding-window412

approach for progressive distillation, matching413

Stage I distillation settings. We evaluated414

the perplexity (PPL) of our method against415

StreamAdapter, GenerativeAdapter, and base-416

line sliding-window approaches using the PG19417

dataset.418

Main Results. We evaluate PG19 test perplexity419

across context lengths ranging from 2K to 128K,420

using stride-averaged PPL to compare our method421

against Sliding Window, StreamAdapter, and Gen-422

erativeAdapter. SADA achieves the lowest PPL423

across all tested lengths, consistently outperform-424

ing sliding-window and state-of-the-art adapter425

baselines at both model scales, particularly in ex- 426

tended contexts. Notably, these improvements per- 427

sist well beyond the training-context regime, indi- 428

cating that state-aligned distillation supports reli- 429

able extrapolation to much longer contexts without 430

retaining the full KV cache. 431

Efficiency Test. To quantify inference-time effi- 432

ciency, we measure (i) average per-token latency 433

and (ii) peak GPU memory on Qwen2.5-1.5B- 434

Instruct while sweeping input length from 2K to 435

128K on PG19. As shown in Fig. 3, SADA re- 436

duces both latency and memory relative to prompt- 437

based ICL by replacing long KV-cache retention 438

with parameterized compression of the historical 439

context. We report the average per-token latency 440

measured during the decode stage. 441

4.3 Post-Training Alignment on NLU and 442

Summarization. 443

Training Details. We perform post-training 444

alignment using a mixture of NLU datasets: 445

BoolQ (Clark et al., 2019), CoPA (Melissa et al., 446

2011), SST-2 (Richard et al., 2013), CB (De Marn- 447

effe et al., 2019), and RTE (Bentivogli et al., 2009). 448

To analyze sensitivity, we scale the few-shot con- 449

text from 4 to 20 instances; the final two serve 450
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(a) Average per-token latency (ms) on PG19 across input
lengths (Qwen2.5-1.5B).
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Figure 3: Efficiency evaluation on PG19 contrasting SADA and ICL: (a) average per-token latency and (b) peak
GPU memory across input lengths.

as the in-context prefix, while others are com-451

pressed into model parameters. Training is con-452

ducted over 3 epochs with a batch size of 64453

and a learning rate of 6 × 10−5 on eight 40GB454

GPUs. We evaluate performance on Seen (in-455

distribution) and Unseen (OOD) benchmarks, the456

latter including ARC (Clark et al., 2018), Hel-457

laSwag (Zellers et al., 2019), OpenBookQA (Mi-458

haylov et al., 2018), PIQA (Bisk et al., 2020), and459

WinoGrande (Sun and Emami, 2024). Table 2 re-460

ports 20-shot results by default.461

Main Results. Table 2 reports accu-462

racy/ROUGE on Seen/Unseen NLU and463

long-form summarization under an ICL-style464

protocol, where a fixed set of demonstrations is465

provided and only the most recent few are kept as466

an explicit prefix. On Seen NLU, SADA performs467

best for both backbones, consistently improving468

over the strongest mapping baseline by a clear469

margin, while remaining close to full-prompt470

ICL on Unseen benchmarks. On summarization,471

SADA yields substantial gains over adapter base-472

lines, but still falls short of full-prompt ICL. This473

pattern indicates that parameterized compression474

transfers in-distribution task behavior effectively,475

while explicit prompts retain an advantage under476

distribution shift and evidence-heavy generation,477

which we further probe in the QA/summarization478

analysis and the alignment ablations.479

Discussion. Across model sizes and shot bud-480

gets (Fig. 4), SADA fits in-distribution patterns481

strongly (Seen) while narrowing—but not fully482

closing—the gap to full-prompt ICL under distri-483

bution shift (Unseen). This trade-off is consistent484

with replacing explicit context retention by param-485

eterized compression.486

4.4 Ablation Studies 487

Conceptual vs. Detailed Memory. Building 488

on the PG19 checkpoint, we further fine-tuned 489

on downstream Sum and QA tasks and observed 490

a divergence: As shown in Tab. 3, QA drops 491

markedly while summarization degrades more 492

gently. This suggests SADA preserves high-level 493

semantics but struggles with fine-grained retrieval 494

compared to prompt-only ICL. GenerativeAdapter 495

yields stronger QA than SADA but remains far be- 496

low ICL, whereas SADA achieves the best sum- 497

marization among adapter-based baselines, high- 498

lighting a trade-off between entity recall and se- 499

mantic compression. A plausible explanation is 500

that low-rank parameter updates retain global top- 501

ical structure and discourse flow, but weaken en- 502

tity bindings and exact spans needed for QA, es- 503

pecially on multi-hop settings requiring precise 504

entity chains and temporal relations. This sug- 505

gests pairing SADA with retrieval/KV retention 506

for entity-centric queries, while remaining effec- 507

tive for concept-oriented tasks that benefit from se- 508

mantic compression. 509

Table 3: Qwen2.5-1.5B-Instruct on QA (HotpotQA
(Yang et al., 2018), 2WikiMQA (Ho et al., 2020)) and
summarization (GovReport (Huang et al., 2021), QM-
Sum (Zhong et al., 2021)).

QA Sum

Qwen2.5-1.5B HotpotQA 2WikiMQA GovReport QMSum

ICL 42.41 35.58 25.98 21.62

SnapKV 38.51 29.47 10.72 14.36
StreamAdapter 20.28 19.13 18.03 11.08
GenerativeAdapter 28.19 25.19 18.17 12.12
Ours 23.86 26.15 19.07 18.64

Impact of Loss Components. Our task- 510

alignment stage (Stage II) couples language 511
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Figure 4: ICL evaluation results for SADA across model sizes and settings.

modeling supervision with hidden-state distil-512

lation: (i) hidden-state alignment (LMSE) that513

constrains the internal reasoning trajectory, and514

(ii) LM_Loss (LLM) that ensures correct target515

generation. To focus on the alignment stage,516

we keep Stage I fixed and run an ICL-based517

ablation protocol on Qwen2.5-1.5B-Instruct518

(TAD setting): we fix the prompt construction and519

compression policy (retain the last two demon-520

strations as the explicit prefix and compress the521

remaining exemplars into the generated parame-522

ters), and evaluate under a 20-shot setting on the523

Seen/Unseen benchmark split described earlier.524

We vary only the alignment-stage loss while keep-525

ing the architecture and training hyperparameters526

unchanged: (1) Full objective LLM + µLMSE;527

(2) w/o LMSE, which removes state trajectory528

supervision and tests whether task supervision529

alone is sufficient; (3) w/o LLM, which removes530

task supervision and tests whether distillation531

alone can recover task accuracy.532

Both loss terms matter, but the LM loss is more533

critical: removing LLM causes a large drop, while534

removing LMSE yields a smaller decline. LM535

supervision anchors task performance, and state536

matching stabilizes behavior transfer under com-537

pression.538

Input Feature Sources. We additionally ablate539

the feature source fed into the Mapping Module,540

since our method hinges on which representation541

is most “convertible” into effective parameter up-542

dates. Under the same TAD setup as above (1.5B,543

20-shot, identical loss weights), we replace the544

mapping input with: (1) Token embeddings (pre-545

Transformer), (2) Attention input (the normal-546

ized residual stream entering the attention block,547

i.e., the features used to form Q/K/V ), (3) At-548

tention output (post-attention residual), (4) Post-549

MLP activations, and (5) KV features (aggre-550

Table 4: Proposed ICL ablations on Qwen2.5-1.5B-
Instruct under a 20-shot setting (Seen/Unseen split as
in Fig. 4).

Variant Seen Acc. Unseen Acc. Avg.

Impact of Loss Components

Full (LLM + LMSE) 87.38 57.16 72.27
w/o LMSE 85.84 56.32 71.08
w/o LLM 79.90 55.46 67.68

Input Feature Sources

Attention output 87.38 57.16 72.27
Attention input 84.20 53.45 68.83
KV features (K/V aggregated) 86.34 56.44 71.19
Post-MLP activations 85.28 56.47 70.88
Token embeddings 85.13 55.77 70.45

gated keys/values from the teacher cache). 551

This validates our claim in Section 3.1 that the 552

attention output is the optimal interface for param- 553

eter modulation. Empirically, we expect embed- 554

dings to underperform due to their syntactic nature 555

and post-MLP features to suffer from nonlinear 556

distortion. KV features, while competitive, likely 557

lag due to head-wise fragmentation and formatting 558

sensitivity. 559

5 Conclusion 560

We introduced SADA, a framework that maps 561

context into low-rank parameter updates via 562

attention-output features and state-aligned dis- 563

tillation. Across PG19 and ICL benchmarks, 564

SADA improves long-context modeling, deliv- 565

ers strong in-distribution accuracy, outperform- 566

ing StreamAdapter and GenerativeAdapter, and re- 567

duces latency and memory compared to prompt 568

ICL. Ablations clarify the roles of LM supervision 569

and state matching, while analysis shows remain- 570

ing gaps on entity-heavy and out-of-distribution 571

settings. 572
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6 Limitations573

Lossy Compression. Transforming context into574

parameters acts as a lossy compression mecha-575

nism. While effective for high-level semantic576

tasks like summarization, it degrades performance577

on entity-intensive tasks (e.g., QA) that require578

precise factual recall, where explicit KV caches re-579

main superior.580

OOD Generalization Gap. Our experiments581

show a slight performance gap on “Unseen”582

benchmarks compared to standard ICL. Explicit583

context prompting proves more robust for novel584

task distributions not encountered during the distil-585

lation phase, whereas parameterized mapping may586

slightly overfit to training distributions.587

Training Overhead. Unlike training-free ICL,588

SADA incurs computational costs to train the aux-589

iliary Mapping Module via the two-stage process.590

Although cheaper than full fine-tuning, this re-591

quirement prevents instant, zero-cost deployment592

for arbitrary contexts without prior adaptation.593

7 Ethical considerations594

This paper presents work whose goal is to ad-595

vance the field of Machine Learning. Since our596

work concerns context-to-parameter mapping and597

involves lossy compression mechanisms described598

in Section 6, which may impact factual recall in599

entity-intensive tasks, we expect our work to be600

used under the guidance of human values.601
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A Layer-wise Derivation for Input Shift817

This appendix provides the first-order, single-layer818

derivation sketched in Section 3.1. We linearize819

a gated MLP layer and express the impact of an820

attention-derived input shift as low-rank weight821

perturbations.822

Setup. For a gated MLP layer,823

y = Wdown (ϕ(Wgatex)⊙ (Wupx)) , (12)824

where ϕ is the activation (e.g., SiLU) and ⊙ is the825

Hadamard product. Under ICL, the effective input826

is x′ = x+ δctx with δctx produced by attention.827

First-order expansion. Expanding around x828

(ignoring O(∥δctx∥2)):829

h(x+ δctx) ≈ ϕ(Wgatex)⊙ (Wupx)

+
[
ϕ′(zg)⊙ (Wgateδctx)

]
⊙ (Wupx)

+ ϕ(zg)⊙ (Wupδctx),
(13)830

where zg = Wgatex. Propagating to the output,831

∆y ≈ Wdown (∆hgate +∆hval) . (14)832

Each term is re-expressible as a rank-1 perturba-833

tion:834

∆hval = [diag(ϕ(zg))Wup] δctx, (15)835

836
∆hgate =

[
diag(ϕ′(zg)⊙Wupx)Wgate

]
δctx.

(16) 837

Thus 838

W′
up = Wup +Uup(x) δ

⊤
ctx,

W′
gate = Wgate +Ugate(x) δ

⊤
ctx,

(17) 839

with Uup,Ugate determined by Wdown, ϕ, and 840

ϕ′. This is a layer-wise, first-order approximation; 841

multi-layer nonlinear accumulation is not assumed 842

linear. 843

B Hyperparameter Settings 844

B.1 SADA Module Hyperparameters 845

Chunk size. We set the chunk size C = 64, 846

matching the chunking operator used in Sec- 847

tion 3.3 and the definition in Section 3.2.1 where 848

evicted tokens are partitioned into fixed-size seg- 849

ments. 850

Learnable queries. We use N = 16 learnable 851

queries (Qmeta in Section 3.3) for intra-chunk 852

cross attention, yielding a fixed-size representa- 853

tion per chunk. 854

Low-rank head dimension. We set the per- 855

head low-rank dimension dr = 16 (corresponding 856

to the low-rank projection used to form the meta 857

key/value features). The resulting memory width 858

is dstate = H ·dr, where H is the number of atten- 859

tion heads of the backbone model. 860

B.2 Training Hyperparameters 861

Optimization. Unless stated otherwise, we train 862

with AdamW (betas (0.9, 0.95), ϵ = 10−6, weight 863

decay 0) and a cosine learning-rate schedule with 864

linear warmup (warmup steps = 100; total steps 865

determined by the number of update steps). We 866

clip gradients with a global norm of 1.0 and train 867

in BF16 with FlashAttention-2 enabled. 868

Stage I (PG19 / SWSD). We train for 1 epoch 869

with per-device batch size 1 and gradient accumu- 870

lation steps 8 on 8 GPUs (global batch size 64). 871

The learning rate is 6× 10−5. 872

Stage II (ICL/NLU / TAD). Starting from the 873

PG19 checkpoint, we train for 3 epochs using the 874

same per-device batch size 1, gradient accumula- 875

tion steps 8, and 8 GPUs (global batch size 64). 876

The learning rate is 6× 10−5. 877
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C Dialogue Templates878

This appendix reports the chat-style dialogue tem-879

plates used in our ICL benchmarks. We group tem-880

plates by Seen vs. Unseen tasks. Placeholders are881

denoted with angle brackets (e.g., <premise>).882

C.1 Seen Tasks883

User: <sentence>884

Question: Is this sentence positive or negative?885

Assistant: positive | negative886

887

User: <premise> therefore | because888

Assistant: <choice>889

890

User: <passage>891

Question: <question?>892

Assistant: yes | no893

894

User: <premise>895

Question: <hypothesis>. True, False, or896

Neither?897

Assistant: True | False | Neither898

899

User: <premise>900

Question: <hypothesis> True or False?901

Assistant: True | False902

903

C.2 Unseen Tasks904

User: <question>905

Please answer the question.906

Assistant: <option label>907

908

User: <question>909

Please answer the question.910

Assistant: <option label>911

912

User: <context>913

Assistant: <option label>914

915

User: Answer the question: <goal>.916

Assistant: <option label>917

918

User: <sentence with blank as _>919

Options: A. <choice A>920

B. <choice B>921

...922

Assistant: <label>. <choice text> 923

924

C.3 QA Tasks 925

User: <passages> 926

Answer the question based on the given passages. 927

Only give me the answer. 928

Question: <question> 929

Assistant: <answer> 930

931

User: <passages> 932

Answer the question based on the given passages. 933

Only give me the answer. 934

Question: <question> 935

Assistant: <answer> 936

937

C.4 Summarization Tasks 938

User: <report> 939

Write a one-page summary of the report. 940

Assistant: <summary> 941

942

User: <transcript> 943

Answer the query in one or more sentences. 944

Query: <query> 945

Assistant: <answer> 946

947

12
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