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Abstract001

As Large Language Models (LLMs) are in-002
creasingly deployed across diverse downstream003
tasks, efficient task adaptation has emerged004
as a central challenge. In response, a wide005
range of task adaptation methods have been006
proposed, spanning parameter-efficient fine-007
tuning (PEFT), in-context learning (ICL), and008
embedding-injection approaches. However, ex-009
isting research has evolved largely in isolation010
within each paradigm, resulting in fragmented011
terminology, assumptions, and evaluation prac-012
tices. This survey presents a unified framework013
for understanding task adaptation in LLMs,014
where task adaptation methods are categorized015
according to where task-relevant information016
is encoded: model weights, input prompts,017
or injected task embeddings. We provide a018
comprehensive taxonomy that integrates these019
paradigms, analyze trade-offs along key practi-020
cal dimensions, including applicability to pro-021
prietary models, performance, efficiency, and022
task-switching overhead, and highlight open023
problems for future research.024

1 Introduction025

Large language models (LLMs) are increasingly026

deployed across a wide range of downstream027

tasks (Brown et al., 2020; Wei et al., 2022a; Mi-028

naee et al., 2024; Raza et al., 2025), which makes029

efficient and effective task adaptation a central chal-030

lenge for practical deployment. At the same time,031

as LLMs continue to scale in model size and train-032

ing cost (Kaplan et al., 2020; Hoffmann et al., 2022;033

Achiam et al., 2023; OpenAI, 2025; Comanici et al.,034

2025), retraining or fully fine-tuning these mod-035

els has become increasingly expensive and often036

infeasible, even when task-specific data are avail-037

able. This growing gap between the demand for038

task adaptation and the cost of full fine-tuning has039

driven sustained interest in task adaptation meth-040

ods that significantly reduce training cost, memory041

usage, and deployment overhead while maintain- 042

ing strong task performance. Consequently, a wide 043

range of task adaptation methods have been pro- 044

posed, including approaches that limit the number 045

of trainable parameters or perform adaptation en- 046

tirely at inference time. 047

Existing research has explored multiple 048

paradigms for task adaptation. Parameter-efficient 049

fine-tuning (PEFT) (Houlsby et al., 2019; Lester 050

et al., 2021; Hu et al., 2022; Liu et al., 2022a) 051

adapts models by training a small number of 052

task-specific parameters while keeping the 053

backbone model largely frozen. In-context 054

learning (ICL) (Brown et al., 2020; Liu et al., 055

2022b; Lu et al., 2022b; Zhou et al., 2022) 056

enables training-free adaptation by specifying 057

task-relevant information directly in the input 058

prompt at inference time. More recently, studies 059

have shown that internal activations induced by 060

ICL encode rich task-relevant information, giving 061

rise to embedding-based adaptation that extracts 062

and reuses explicit task representations during 063

inference (Hendel et al., 2023; Todd et al., 2024). 064

These approaches can be broadly categorized 065

by where task-relevant information is encoded: in 066

model weights, in input prompts, or in task em- 067

beddings injected into the model. Despite rapid 068

progress, research on task adaptation has largely 069

evolved independently within each paradigm, of- 070

ten adopting different assumptions, terminology, 071

and evaluation protocols. While prior surveys have 072

addressed prompting or PEFT in isolation (Dong 073

et al., 2024; Sahoo et al., 2024; Vatsal and Dubey, 074

2024; Han et al., 2024; Wang et al., 2025b; Mao 075

et al., 2025), there is no unified survey that con- 076

nects and compares weight-based, prompt-based, 077

and embedding-based task adaptations, nor one 078

that systematically addresses the emerging class of 079

ICL-driven embedding-based adaptations. 080

This fragmentation obscures shared methodolog- 081

ical principles and practical trade-offs across adap- 082
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Embedding-Based
Adaptation

Learned
Task Embeddings

Other Learned Embeddings: LIVE (Peng et al., 2024b), ATV (Kang et al., 2025),
ICR (Li et al., 2025a), LTV (Saglam) (Saglam et al., 2025), LTV (Yang) (Yang et al., 2025),
M2IV (Li et al., 2025b)

Soft Prompting: Prefix Tuning (Li and Liang, 2021), P-Tuning (Liu et al., 2021),
Prompt Tuning (Lester et al., 2021), P-Tuning v2 (Liu et al., 2022c), SPoT (Vu et al., 2022),
Attempt (Asai et al., 2022), Progressive Prompts (Razdaibiedina et al., 2023),
MPT (Wang et al., 2023f), LoPA (Jain et al., 2024), Task Prompt Vectors (Belanec et al., 2025),
DTVG (Zhang et al., 2025b),

ICL-Derived
Task Embeddings

Contrastively Derived: Inference-Time Intervention (Li et al., 2023b), ICV (Liu et al., 2024b),
CAA (Rimsky et al., 2024), SEA (QIU et al., 2024), ACT (Wang et al., 2025c),
REAL (Zhan et al., 2025), PDS (Kayan and Zhang, 2025) SADI (Wang et al., 2025d),
Iterative Vectors (Liu and Deng, 2025)

Non-Contrastively Derived: Task Vectors (Hendel et al., 2023), Function Vectors (Todd et al., 2024),
Batch-ICL (Zhang et al., 2024a), MTV (Huang et al., 2024), I2CL (Li et al., 2025c),
ELICIT (Wang et al., 2025a), DyVec (Cai et al., 2025), SITE (Park and Rhee, 2025)

Prompt-Based
Adaptation

Demonstration
Optimization

Many-Shot ICL: Structured Prompting (Hao et al., 2022), FocusICL (Yuan et al., 2024),
Many-Shot ICL (Agarwal et al., 2024), Long-Context ICL (Bertsch et al., 2025),

Demonstration Generation: Self-ICL (Chen et al., 2023), X-ICL (He et al., 2024b),
Synthetic Prompting (Shao et al., 2023), DAIL (Su et al., 2024),
BRIDGE (Wan et al., 2025), X2-ICL (Honda and Oka, 2025)

Selective Demonstration Annotation: Vote-K (Hongjin et al., 2022),
IDEAL (Zhang et al., 2024b), AdaICL (Mavromatis et al., 2023)

Ordered Demonstration Selection: GlobalE (Lu et al., 2022b), AES (Zhang et al., 2022),
TopK + MDL (Wu et al., 2023), RetICL (Scarlatos and Lan, 2023),
ICCL (Liu et al., 2024d), SE2 (Liu et al., 2024a), EASE (Wu et al., 2024d),
DEmO (Guo et al., 2024b), RDES (Wang et al., 2025e),

Unordered Demonstration Selection: KATE (Liu et al., 2022b), EPR (Rubin et al., 2022),
PromptPG (Lu et al., 2023), Complex CoT (Fu et al., 2023), UDR (Li et al., 2023c),
CEIL (Ye et al., 2023), Concept Tokens (Wang et al., 2023c),
In-context Influences (Nguyen and Wong, 2023), UPRISE (Cheng et al., 2023),
IDS (Qin et al., 2024), RDS (Yang et al., 2023b), TopK + ConE (Peng et al., 2024a),
GenICL (Zhang et al., 2025d), CLG (Zhang et al., 2025a), ICL-GRADRE (Zhang et al., 2025e),
CASE (Purohit et al., 2025)

Instruction
Optimization

Indirect Optimization: InstructZero (Chen et al., 2024), INSTINCT (Lin et al., 2024),
StablePrompt (Kwon et al., 2024), EGO-Prompt (Zhao et al., 2025)

Direct Optimization: APE (Zhou et al., 2022), ProTeGi (Pryzant et al., 2023),
OPRO (Yang et al., 2023a), EvoPrompt (Guo et al., 2024c), PE2 (Ye et al., 2024),
Promptbreeder (Fernando et al., 2024), PromptAgent (Wang et al., 2024b),
adv-ICL (Do et al., 2024), Self-Discover (Zhou et al., 2024a), LEAP (Zhang et al., 2024c),
GPO (Tang et al., 2025b), ZOPO (Hu et al., 2024), PromptWizard (Agarwal et al., 2025),
UniPrompt (Juneja et al., 2025), ERM (Yan et al., 2025), GReaTer (Das et al., 2025),
LPO (Jain and Chowdhary, 2025)

Weight-Based
Adaptation

Multi-Task
Adaptation Model Merging: Fisher Merging (Matena and Raffel, 2022), Model Soups (Wortsman et al., 2022),

Task Arithmetic (Ilharco et al., 2023), Tangent Space (Ortiz-Jimenez et al., 2023),
TIES-Merging (Yadav et al., 2023b), PEM Merging (Zhang et al., 2023a),
L-LoRA (Tang et al., 2023), AdaMerging (Yang et al., 2024), DARE (Yu et al., 2024),
MetaGPT (Zhou et al., 2024b), LoRA-LEGO (Zhao et al., 2024),
TSV-Merge (Gargiulo et al., 2025), AIM (Nobari et al., 2025), ProDistill (Xu et al., 2025),
TaLoS (Iurada et al., 2025), ACM (Yao et al., 2025), DF-Merge (Lee et al., 2025),

Multi-Task PEFT: AdapterFusion (Pfeiffer et al., 2021), LoraHub (Huang et al., 2023),
O-LoRA (Wang et al., 2023b), MultiLoRA (Wang et al., 2023d), C-Poly (Wang et al., 2023a),
FLoRA (Wen and Chaudhuri, 2024), MoA (Feng et al., 2024), MTLoRA (Agiza et al., 2024),
HydraLoRA (Tian et al., 2024), MeteoRA (Xu et al., 2024a), SHiRA (Bhardwaj et al., 2024),
LoRA-Inlaid (Xia et al., 2024), R-LoRA (Liu et al., 2025)

Single-Task
Adaptation

Other PEFT: Adapters (Houlsby et al., 2019), Compacter (mahabadi et al., 2021),
Intrinsic SAID (Aghajanyan et al., 2021), FISH Mask (Sung et al., 2021),
BitFit (Ben Zaken et al., 2022), (IA)3 (Liu et al., 2022a), LST (Sung et al., 2022),
ComPEFT (Yadav et al., 2023a), RoAd (Liao and Monz, 2024), PARA (Liu et al., 2024f),
DePT (Shi and Lipani, 2024), RED (Wu et al., 2024a), FourierFT (Gao et al., 2024),
ADePT (Tang et al., 2025a)

LoRA Variants: LoRA (Hu et al., 2022), LoHA (Hyeon-Woo et al., 2021; Yeh et al., 2023),
KronA (Edalati et al., 2022), DyLoRA (Valipour et al., 2023), SoRA (Ding et al., 2023),
AdaLoRA (Zhang et al., 2023b), QLoRA (Dettmers et al., 2023), QA-LoRA (Xu et al., 2024b),
VeRA (Kopiczko et al., 2024), Tied-LoRA (Renduchintala et al., 2024),
LQ-LoRA (Guo et al., 2024a), DoRA (Liu et al., 2024c), ALoRA (Liu et al., 2024e),
PiSSA (Meng et al., 2024), MoRA (Jiang et al., 2024), VB-LoRA (Li et al., 2024a),
LoRA-XS (Bałazy et al., 2024), MoSLoRA (Wu et al., 2024b), LoRA-GA (Wang et al., 2024a),
HiRA (Huang et al., 2025)

Figure 1: Taxonomy of Task Adaptation in Large Language Models.
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Figure 2: Schematic Illustration of Three Task Adaptation Paradigms in LLMs.

tation strategies. To address this gap, we present083

a unified survey of task adaptation methods for084

LLMs, organizing existing work under a com-085

mon framework and clarifying their connections,086

strengths, and limitations. Figure 1 provides the087

taxonomy of task adaptation methods for LLMs.088

This survey makes the following contributions:089

• We propose a unified taxonomy of LLM090

task adaptation methods based on where task-091

relevant information is encoded, and analyze092

their connections, strengths, and limitations.093

• We provide the first dedicated survey that in-094

cludes recently emerging embedding-based095

adaptations and clarify their relationships to096

in-context learning and soft prompting.097

• We compare task adaptation paradigms along098

various practical dimensions, including appli-099

cability to proprietary models, performance,100

efficiency, and task-switching overhead.101

• We identify open challenges and future re-102

search directions for task adaptation in LLMs.103

2 A Unified Perspective of Task104

Adaptation in Large Language Models105

Task adaptation methods for LLMs can be broadly106

categorized based on where task-relevant informa-107

tion is encoded. Under this criterion, we identify108

three main task adaptation paradigms:109

• Weight-based adaptation encodes task-110

relevant information into model parameters.111

This category includes (weight-based) PEFT 112

and model merging (Ilharco et al., 2023). 113

• Prompt-based adaptation encodes task- 114

relevant information directly into input 115

prompts through task-relevant instructions or 116

input-output demonstrations. 117

• Embedding-based adaptation encodes task- 118

relevant information into explicit embeddings 119

that are injected into model activations during 120

inference via addition or concatenation. These 121

embeddings can either be derived from ICL or 122

learned through gradient-based optimization. 123

Figure 2 illustrates the three adaptation paradigms. 124

Although all aim to specialize LLMs for down- 125

stream tasks, they differ substantially in what must 126

be accessed or optimized, leading to distinct de- 127

ployment constraints and performance-efficiency 128

trade-offs. Table 1 summarizes these differences 129

along key practical dimensions: 130

Applicability to proprietary models reflects 131

whether a method can be applied in restricted- 132

access (black-box/API-only) settings. Prompt- 133

based ICL is generally applicable because it op- 134

erates solely on the input, whereas PEFT and 135

embedding-based methods typically require access 136

to model parameters or internal activations. 137

Task performance reflects task accuracy after 138

adaptation. PEFT often approaches full fine-tuning 139

across many tasks, ICL is competitive but com- 140

monly trails fine-tuning, and ICL-driven embed- 141
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Adaptation Type Applicability to
Proprietary Models

Task
Performance

Training
Cost

Inference
Overhead Sensitivity Task-Switching

Overhead

Weight-Based (PEFT) No High Medium–High Low Medium–Low High
Prompt-Based (ICL) Yes Medium None High High Low
Embedding-Based (ICL-driven) No Medium None / Low Low Medium Medium
Embedding-Based (Learned) No Medium Medium–High Low Medium–High Medium

Table 1: High-level qualitative comparison of task adaptation paradigms in LLMs across practical dimensions.
Ratings summarize typical trends within each paradigm rather than absolute guarantees for individual methods.

ding methods historically lagged behind ICL but142

recent variants show comparable performance.143

Training cost captures task-specific optimization144

effort. PEFT introduces additional trainable param-145

eters and requires a nontrivial amount of training,146

while learned embedding-based methods optimize147

fewer parameters but often require longer train-148

ing schedules. In contrast, ICL is training-free, and149

ICL-driven embedding methods rely on lightweight150

optimization or validation-based selection.151

Inference overhead measures additional compu-152

tation during inference. Because inference cost sub-153

stantially scales with prompt length, ICL incurs the154

highest overhead due to long prompts containing155

instructions or demonstrations. In contrast, PEFT156

and embedding-based methods typically operate157

with short zero-shot prompts and introduce little to158

no additional computation at inference time.159

Sensitivity captures sensitivity to prompts, hy-160

perparameters, and random seeds. ICL is highly161

sensitive to instruction phrasing and demonstration162

choice/order; learned embedding methods, such as163

Prompt Tuning (Lester et al., 2021), are often sensi-164

tive to embedding initialization and configuration;165

and weight-based PEFT tends to be more stable.166

Task-switching overhead reflects the cost of167

switching tasks during inference. PEFT in-168

curs the highest overhead due to loading task-169

specific parameters and modifying model compo-170

nents, which involves nontrivial memory move-171

ment. Embedding-based methods incur lower over-172

head by loading much smaller task embeddings,173

while ICL incurs the lowest overhead by changing174

only the input prompt.175

Overall, this comparison highlights trade-offs176

among efficiency, performance, robustness, and de-177

ployment constraints across different adaptation178

paradigms, providing a unified perspective on why179

different task adaptation strategies and their vari-180

ants exist. In Sections 3-5, we examine represen-181

tative methods within each paradigm and analyze182

how they navigate these trade-offs.183

3 Weight-Based Adaptation 184

Weight-based adaptation encodes task-relevant in- 185

formation in model weights or additional trainable 186

modules. In this section, we categorize weight- 187

based methods into single-task and multi-task adap- 188

tations and describe their respective methodolo- 189

gies in detail. Single-task adaptation primarily 190

focuses on improving efficiency and task perfor- 191

mance, while multi-task adaptation aims to miti- 192

gate the limited task-switching flexibility of weight- 193

based methods in multi-task settings. 194

3.1 Single-Task Adaptation 195

LoRA Variants. Low-rank adapta- 196

tion (LoRA) (Hu et al., 2022) introduces 197

trainable low-rank updates to pretrained weight 198

matrices. Due to its strong and stable performance, 199

negligible inference overhead, and simple modular 200

design, LoRA has inspired a large body of 201

follow-up work that develops variants to improve 202

expressivity, training dynamics, and efficiency. 203

One line of work enhances the expressivity of 204

model updates by increasing the intrinsic rank 205

through alternative parametrizations, such as 206

replacing standard matrix multiplication with 207

Hadamard or Kronecker products (Hyeon-Woo 208

et al., 2021; Edalati et al., 2022; Yeh et al., 2023; 209

Huang et al., 2025). Another line focuses on 210

improving training stability and convergence 211

speed through better initialization strategies, 212

such as leveraging singular value decomposition 213

of pretrained weights or gradient matrices to 214

initialize LoRA modules more effectively (Meng 215

et al., 2024; Wang et al., 2024a). A further 216

line of work explores adaptive rank allocation, 217

dynamically adjusting the effective rank across 218

LoRA modules during training (Zhang et al., 219

2023b), or assigning different ranks to different 220

modules based on their importance (Ding et al., 221

2023; Liu et al., 2024e). Other variants target 222

training-time memory efficiency, particularly for 223

large-scale LLMs, by combining LoRA with 224
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low-bit quantization of pretrained weights during225

training (Dettmers et al., 2023; Xu et al., 2024b;226

Guo et al., 2024a). Complementary approaches227

further reduce the number of trainable parameters228

or storage requirements through parameter sharing229

across LoRA modules (Kopiczko et al., 2024;230

Renduchintala et al., 2024; Li et al., 2024a),231

highlighting the flexibility of the LoRA framework232

for parameter-efficient task adaptation.233

Other PEFT. Beyond LoRA, a variety of PEFT234

methods have been proposed. Adapters (Houlsby235

et al., 2019) insert small trainable modules between236

Transformer layers of a pretrained model, while237

Compacter (mahabadi et al., 2021) reduces adapter238

parameters by replacing adapter linear layers with239

low-rank parameterized hypercomplex multiplica-240

tion. Other approaches reduce trainable parameters241

by selectively updating subsets of model weights.242

For example, FISH Mask (Sung et al., 2021) up-243

dates parameters based on their approximate Fisher244

Information (Fisher, 1922; Amari, 1996; Kirk-245

patrick et al., 2017), and BitFit (Ben Zaken et al.,246

2022) fine-tunes only bias terms. Another line of247

work modifies model behavior through element-248

wise rescaling of internal activations. (IA)3 (Liu249

et al., 2022a) introduces learnable scaling vectors250

that rescales internal activations, RED (Wu et al.,251

2024a) extends this idea by jointly learning scal-252

ing and bias vectors, and PARA (Liu et al., 2024f)253

trains a lightweight vector generator to dynamically254

produce scaling vectors. Additional methods com-255

bine or extend PEFT techniques, such as DePT (Shi256

and Lipani, 2024), which integrates prompt tuning257

with LoRA-style updates on frozen word embed-258

dings, and its variant ADePT (Tang et al., 2025a).259

Other approaches focus on improving efficiency.260

LST (Sung et al., 2022) trains a small auxiliary net-261

work to reduce training-time memory requirements262

by avoiding backpropagation through the backbone263

model, and RoAD (Tang et al., 2025a) applies train-264

able rotations to linear layer outputs to reduce the265

number of trainable parameters.266

3.2 Multi-Task Adaptation267

Multi-Task PEFT. Compared to the other two268

task adaptation paradigms, weight-based adapta-269

tion typically incurs higher task-switching over-270

head, as it requires loading and replacing task-271

specific parameters within the model. To mitigate272

this limitation, several methods introduce routing-273

based mechanisms that maintain multiple adapters274

and use (soft) routers to select or combine task- 275

relevant adapters, either at the task level (Pfeiffer 276

et al., 2021; Huang et al., 2023; Wang et al., 2023a) 277

or at the instance level (Wang et al., 2023d; Feng 278

et al., 2024; Tian et al., 2024; Xu et al., 2024a; 279

Liu et al., 2025). These routers are typically im- 280

plemented using learnable scalar weights or shal- 281

low neural networks. Other approaches explore 282

alternative strategies for multi-task inference. O- 283

LoRA (Wang et al., 2023b) proposes a LoRA-based 284

continual learning framework, while FLoRA (Wen 285

and Chaudhuri, 2024) replaces standard LoRA up- 286

dates with Hadamard-product-based updates, en- 287

abling efficient heterogeneous batching by avoiding 288

expensive batched matrix multiplications. 289

Model Merging. Model merging defines task 290

vectors (Ilharco et al., 2023) as parameter differ- 291

ences between fine-tuned models and a shared pre- 292

trained model and combines multiple such vectors 293

to enable multi-task inference without additional 294

fine-tuning. Although model merging typically 295

underperforms explicit multi-task training, it is 296

particularly useful in scenarios where fine-tuned 297

models are available but the corresponding training 298

data cannot be accessed, for example due to data 299

privacy or intellectual property constraints. Sev- 300

eral methods aim to reduce interference between 301

task-specific parameter updates during model merg- 302

ing (Yadav et al., 2023b; Yu et al., 2024; Gargiulo 303

et al., 2025), while others propose fine-grained 304

merging strategies that assign different merging co- 305

efficients across tasks, layers, or parameters (Yang 306

et al., 2024; Zhou et al., 2024b; Xu et al., 2025; 307

Yao et al., 2025; Lee et al., 2025). Another line of 308

work focuses on performing model merging only 309

on PEFT updates (Zhang et al., 2023a; Tang et al., 310

2023; Zhao et al., 2024). Among these, LoRA- 311

LEGO (Zhao et al., 2024) introduces rank-wise 312

LoRA merging by identifying row-column pairs of 313

LoRA matrices as minimal semantic units, cluster- 314

ing them across tasks, and using cluster centroids 315

to construct merged adapters. 316

4 Prompt-Based Adaptation 317

Prompt-based adaptation, commonly referred to as 318

in-context learning (ICL), adapts LLMs by provid- 319

ing task-relevant information directly in the input 320

prompt at inference time, in the form of natural- 321

language instructions and/or input-output demon- 322

strations. Existing methods can be broadly catego- 323

rized into instruction optimization, which focuses 324
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on refining task instructions, and demonstration325

optimization, which selects, orders, or generates326

input-output demonstrations. Collectively, these327

methods primarily aim to improve stability and328

performance of prompt-based adaptation.329

4.1 Instruction Optimization330

Instruction optimization focuses on refining task-331

specific instructions used in the prompt. These332

methods typically adopt a two-LLM framework,333

consisting of an optimizer LLM that updates instruc-334

tions and a task LLM that performs the downstream335

task using the updated instructions. In practice,336

strong proprietary models such as GPT-4o (Hurst337

et al., 2024) are often used as the optimizer LLM to338

enable more effective instruction optimization. A339

common strategy is to iteratively refine instructions340

using feedback generated by the optimizer LLM341

itself (Pryzant et al., 2023; Wang et al., 2024b;342

Agarwal et al., 2025; Juneja et al., 2025; Yan et al.,343

2025). For example, ProTeGi (Pryzant et al., 2023)344

uses the optimizer LLM to analyze errors made un-345

der the current instruction and feeds the resulting346

feedback back into the optimizer LLM to update347

the instructions. Other approaches formulate in-348

struction optimization as an evolutionary process,349

applying genetic algorithms to evolve instructions350

over multiple iterations (Guo et al., 2024c; Fer-351

nando et al., 2024). Several methods leverage care-352

fully designed meta-prompts, i.e., prompts that in-353

struct the optimizer LLM how to refine instruc-354

tions, to improve optimization stability and effec-355

tiveness (Ye et al., 2024; Tang et al., 2025b). In356

contrast, some approaches avoid directly optimiz-357

ing instructions and instead optimize auxiliary com-358

ponents, such as soft prompts (Lester et al., 2021)359

provided to the optimizer LLM or the optimizer360

LLM itself (Chen et al., 2024; Lin et al., 2024;361

Kwon et al., 2024; Zhao et al., 2025). For instance,362

InstructZero (Chen et al., 2024) and Instinct (Lin363

et al., 2024) optimize only soft prompts, while Sta-364

ble Prompt (Kwon et al., 2024) fine-tunes the opti-365

mizer LLM to improve instruction generation.366

4.2 Demonstration Optimization367

Including a small number of input-output demon-368

strations in the prompt can effectively convey task369

information to LLMs (Brown et al., 2020). How-370

ever, task performance is highly sensitive to both371

which demonstrations are selected and how they372

are ordered within the prompt (Zhao et al., 2021;373

Liu et al., 2022b; Lu et al., 2022b). As a result,374

a large body of work has explored methods for 375

optimizing demonstration selection and ordering. 376

KATE (Liu et al., 2022b) retrieves demonstrations 377

by embedding candidate examples and selecting 378

nearest neighbors for each test input, and subse- 379

quent methods such as MDL (Wu et al., 2023) and 380

ConE (Peng et al., 2024a) adopt this retrieval step 381

to first narrow the candidate pool before apply- 382

ing more refined selection strategies. Another line 383

of work explicitly promotes diversity among se- 384

lected demonstrations using determinantal point 385

processes (DPPs) (Kulesza et al., 2012; Ye et al., 386

2023; Yang et al., 2023b). Beyond selecting which 387

demonstrations to include, several methods also 388

consider demonstration ordering. Some approaches 389

treat an ordered sequence of demonstrations as the 390

basic unit of selection rather than scoring demon- 391

strations independently (Lu et al., 2022b; Wu et al., 392

2023, 2024d; Guo et al., 2024b), while others 393

formulate demonstration selection as a sequen- 394

tial decision-making process optimized with rein- 395

forcement learning (Zhang et al., 2022; Scarlatos 396

and Lan, 2023; Wang et al., 2025e). For exam- 397

ple, AES (Zhang et al., 2022) formulates demon- 398

stration selection as a Markov Decision Process, 399

where the policy state consists of all previously 400

selected demonstrations, and trains an offline Q- 401

learning policy (Mnih et al., 2013) to select each 402

new demonstration conditioned on this history. 403

In settings where only unlabeled data are avail- 404

able, several methods selectively annotate demon- 405

strations to support in-context learning (Hongjin 406

et al., 2022; Mavromatis et al., 2023; Zhang et al., 407

2024b). For example, Vote-K (Hongjin et al., 2022) 408

annotates diverse unlabeled examples using a k- 409

nearest neighbor graph constructed in the Sentence- 410

BERT (Reimers and Gurevych, 2019) embedding 411

space, while IDEAL (Zhang et al., 2024b) extends 412

this approach with influence-driven selection to 413

better approximate the underlying data distribu- 414

tion. More recently, LLM-generated demonstra- 415

tions have emerged as an effective alternative to 416

human-curated examples (Long et al., 2024; Yehu- 417

dai et al., 2024; Nadas et al., 2025). Some ap- 418

proaches generate synthetic input-output pairs di- 419

rectly (Chen et al., 2023; Su et al., 2024; Wan et al., 420

2025), while others augment demonstrations with 421

LLM-generated reasoning paths (Shao et al., 2023; 422

He et al., 2024b; Honda and Oka, 2025), enabling 423

chain-of-thought (CoT) (Wei et al., 2022b) reason- 424

ing during inference. When a large number of 425

demonstrations are available, scaling the number 426
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of demonstrations from a few to many, a setting427

commonly referred to as many-shot ICL, can fur-428

ther improve task performance and robustness to429

demonstration selection and ordering (Zhang et al.,430

2025a; Bertsch et al., 2025). However, these gains431

come at the cost of increased memory and compu-432

tation that scale with the number of demonstrations,433

as well as attention dispersion (Yuan et al., 2024)434

in long prompts, which can degrade performance.435

5 Embedding-Based Adaptation436

Embedding-based adaptation represents task infor-437

mation as explicit vectors, referred to as task em-438

beddings, which are injected into model activations439

during inference, typically via addition or concate-440

nation. Based on how these task embeddings are441

obtained, existing methods can be broadly divided442

into two classes: those using ICL-derived task443

embeddings and those using learned task embed-444

dings. The former extracts task embeddings from445

internal activations induced by in-context learning,446

while the latter directly optimizes task embeddings447

through gradient-based training. Although these448

two classes are respectively related to in-context449

learning and parameter-efficient fine-tuning, both450

aim to improve downstream task performance with-451

out using explicit instructions or demonstrations in452

the prompt at inference time.453

5.1 ICL-Derived Task Embeddings454

Non-Contrastively Derived. Early work, no-455

tably Task Vectors (Hendel et al., 2023) and Func-456

tion Vectors (Todd et al., 2023), showed that last-457

token internal activations produced during few-shot458

inference encode rich task-relevant information,459

which can be extracted and injected into model ac-460

tivations to enable task execution in a zero-shot set-461

ting. Building on this observation, non-contrastive462

embedding-based adaptation methods aggregate463

such activations across multiple few-shot prompts464

and aim to identify effective injection locations that465

maximize task performance. Injection locations466

are determined using various strategies, including467

validation-based sweeps over layers (Hendel et al.,468

2023; Zhang et al., 2024a; Wang et al., 2025a),469

reinforcement-learning-based optimization (Huang470

et al., 2024; Cai et al., 2025), and gradient-based471

optimization that softly controls task injection (Li472

et al., 2025c; Park and Rhee, 2025). While most473

approaches operate at the layer level, some ex-474

plore finer-grained injection at the attention-head475

level (Huang et al., 2024; Park and Rhee, 2025). Re- 476

cent results indicate that these methods can achieve 477

performance comparable to few-shot ICL; however, 478

evaluations have largely focused on relatively sim- 479

ple tasks, motivating broader evaluation on more 480

complex reasoning and generation tasks. 481

Contrastively Derived. Contrastively derived 482

task embeddings originate from Inference-Time In- 483

tervention (ITI) (Li et al., 2023b), which showed 484

that differences between last-token activations in- 485

duced by contrastive prompt pairs encode direc- 486

tional information that can be injected into model 487

activations to steer model behavior. ITI and subse- 488

quent work have leveraged such contrastive prompt 489

pairs primarily for behavior steering, including im- 490

proving truthfulness or safety (Liu et al., 2024b; 491

Rimsky et al., 2024; QIU et al., 2024; Wang et al., 492

2025c; Zhan et al., 2025). More recent methods 493

extend this paradigm to task adaptation by con- 494

structing contrastive pairs where one prompt con- 495

tains correct task demonstrations and the other 496

contains incorrect or missing demonstrations, en- 497

abling task execution via the resulting difference 498

vectors (Wang et al., 2025d; Liu and Deng, 2025). 499

Using contrastively derived embeddings for gen- 500

eral task adaptation is relatively underexplored, and 501

systematic comparisons with non-contrastive ap- 502

proaches remain an open area for further study. 503

5.2 Learned Task Embeddings 504

Soft Prompting. Prompt Tuning (Lester et al., 505

2021) adapts models by prepending learnable 506

continuous embeddings, known as soft prompts, 507

to the input embedding sequence and optimiz- 508

ing only these embeddings. Although highly 509

parameter-efficient, prompt tuning is often un- 510

stable and typically underperforms weight-based 511

PEFT methods such as LoRA (Hu et al., 2022; 512

Liu et al., 2022a), motivating subsequent im- 513

provements. Some approaches dynamically adapt 514

task-specific soft prompts to produce instance- 515

specific soft prompts, leading to improved perfor- 516

mance (Asai et al., 2022; Jain et al., 2024). Another 517

line of work explores transfer learning by lever- 518

aging soft prompts from multiple source tasks to 519

initialize or compose target-task prompts, thereby 520

transferring task knowledge and improving adapta- 521

tion (Vu et al., 2022; Asai et al., 2022; Wang et al., 522

2023f; Belanec et al., 2025; Zhang et al., 2025b). 523

For example, SPoT (Vu et al., 2022), MPT (Wang 524

et al., 2023f), and Task Prompt Vectors (Belanec 525
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et al., 2025) initialize target-task soft prompts using526

soft prompts learned from related source tasks.527

Other Learned Embeddings. Other learned-528

embedding approaches adapt models by optimiz-529

ing task embeddings via gradient-based training,530

where the embeddings are injected into internal531

activations, typically through additive interven-532

tion. LIVE (Peng et al., 2024b) and M2IV (Li533

et al., 2025b) introduce layer-wise learnable vec-534

tors with associated scaling factors that are trained535

end-to-end. LTV (Saglam et al., 2025) extracts536

attention-head outputs from few-shot inference and537

constructs layer-wise task embeddings as learned538

weighted combinations of heads within each layer.539

However, these methods often require a large num-540

ber of training iterations, sometimes exceeding541

those of standard PEFT approaches (Peng et al.,542

2024b; Saglam et al., 2025; Kang et al., 2025; Li543

et al., 2025a). Moreover, because they rely on544

gradient-based optimization of task embeddings,545

they are conceptually similar to embedding-based546

PEFT methods such as prompt tuning, yet are rarely547

compared against these baselines, leaving their rel-548

ative advantages less clearly understood.549

6 Open Problems550

In this section, we discuss several open research551

problems that cut across all three task adaptation552

paradigms for LLMs.553

Hybrid and Compositional Task Adaptation.554

Beyond relying on a single adaptation paradigm,555

an important open problem is how to jointly lever-556

age multiple forms of task information, such as557

learned embeddings, prompts, and trained mod-558

ules, to strengthen task adaptation. As a representa-559

tive example, Instruction Prompt Tuning (Singhal560

et al., 2023) prepends a shared soft prompt to task-561

specific instructions and demonstrations, enabling562

complementary task signals to jointly guide model563

behavior and better align an instruction-tuned LLM564

with domain-specific instruction semantics, thereby565

improving the safety, grounding, and completeness566

of long-form generations. More broadly, the sys-567

tematic composition of multiple task adaptation568

paradigms remains relatively underexplored, pre-569

senting a promising direction for future research.570

Evaluation Beyond Short-Form Benchmarks.571

Most task adaptation methods are primarily eval-572

uated on benchmarks with short-form outputs,573

such as classification, multiple-choice questions,574

or single-sentence generation.1 While these bench- 575

marks provide controlled testbeds for comparing 576

adaptation techniques, they do not fully reflect real- 577

world usage, where LLMs must produce long-form 578

responses (Wu et al., 2024c; Bai et al., 2024; Que 579

et al., 2024), perform multi-step reasoning (He 580

et al., 2024a; Glazer et al., 2024; Phan et al., 2025; 581

Art of Problem Solving, 2025; Lin et al., 2025; 582

Balunović et al., 2025), or maintain coherence 583

over long-horizon and interactive contexts (Shrid- 584

har et al., 2020; Wang et al., 2022; Yao et al., 2022; 585

Zhou et al., 2023; Wei et al., 2025). Broadening 586

evaluation to such settings is therefore crucial for 587

assessing adaptation robustness, error accumula- 588

tion, and long-range reasoning capabilities. 589

Data Efficiency and Synthetic Supervision. 590

Most task adaptation methods require a nontriv- 591

ial number of labeled demonstrations to achieve 592

strong performance (Lester et al., 2021; Hu et al., 593

2022; Agarwal et al., 2024). To reduce reliance on 594

human-curated supervision, LLM-generated data 595

have emerged as a scalable alternative and are in- 596

creasingly adopted for task adaptation (Long et al., 597

2024; Yehudai et al., 2024; Nadas et al., 2025). 598

Despite their growing adoption, the impact of syn- 599

thetic data across different adaptation paradigms 600

remains insufficiently understood. Open questions 601

include how synthetic demonstrations differ from 602

human-curated ones in terms of fidelity, bias, and 603

diversity (Li et al., 2024b; Nadas et al., 2025), 604

and how these differences influence task adapta- 605

tion stability, downstream performance, and data 606

efficiency. Addressing these issues is crucial for 607

scalable and reliable task adaptation, particularly 608

in low-resource and rapidly evolving settings. 609

7 Conclusion 610

This survey presents a unified perspective on task 611

adaptation in large language models by organizing 612

existing methods according to where task-relevant 613

information is encoded. By placing weight-based, 614

prompt-based, and embedding-based adaptation 615

techniques within a common framework, we ex- 616

plore their conceptual relationships, practical trade- 617

offs, and shared open research problems that cut 618

across paradigms. We hope this survey serves as 619

a useful reference and provides a coherent founda- 620

tion for future research on effective, flexible, and 621

scalable task adaptation in LLMs. 622

1A summary of widely used benchmarks across task-
adaptation paradigms is provided in Tables 2-5 of Appendix A.
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Limitations623

This survey provides a unified overview of task624

adaptation techniques for large language models,625

but it has several limitations. First, given the rapid626

pace of recent progress in this area, the taxonomy627

and comparisons presented here may not fully cap-628

ture the most recent developments. Second, the sur-629

vey emphasizes high-level methodological distinc-630

tions and qualitative trade-offs rather than exhaus-631

tive empirical re-evaluation of individual methods.632

This focus is intended to highlight the key strengths633

and limitations of different adaptation paradigms,634

thereby contextualizing existing approaches and635

motivating future research. Finally, although many636

task adaptation techniques for LLMs may be ap-637

plicable to other types of models, such as mul-638

timodal LLMs or visual generative models, this639

survey focuses exclusively on text-based LLMs,640

leaving such extensions for future work.641
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A Widely Used Task-Adaptation2004

Benchmarks2005

In this section, we provide a summary of widely2006

used benchmarks across task-adaptation paradigms2007

in Tables 2-5.2008

B Use of LLMs in This Work2009

We used chat-based LLMs for sentence-level edit-2010

ing to check grammar and improve clarity during2011

paper writing. All edits were reviewed and verified2012

by the authors. All conceptual contributions are2013

solely by the authors.2014
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Category Benchmark Output Type Size Description

Natural
Language

Understanding

TREC
(Li and Roth, 2002)

Classification ∼6.0K

TREC Question Classification is a question classification
benchmark consisting of open-domain questions annotated with a
hierarchical taxonomy of six coarse and fifty fine-grained
semantic classes, designed to evaluate question intent
understanding and answer type prediction.

CoNLL-2003
(Sang and De Meulder, 2003)

Classification ∼22K

CoNLL-2003 is a widely used named entity recognition benchmark
focusing on the identification of four entity types including persons,
locations, organizations, and miscellaneous names, annotated in
English and German newswire text to evaluate information extraction.

Subj
(Pang and Lee, 2005)

Classification ∼10K

Subjectivity detection dataset consisting of 5,000 subjective
movie reviews and 5,000 objective plot summaries designed to test
the ability of language models to distinguish between fact-based
objective descriptions and opinion-based subjective statements.

SST-5
(Socher et al., 2013)

Classification ∼12K

SST-5 is a fine-grained sentiment analysis dataset providing five
sentiment labels ranging from very negative to very positive,
designed to evaluate models’ ability to capture subtle emotional
shifts and semantic compositionality in movie review phrases.

SNLI
(Bowman et al., 2015)

Classification ∼570K

SNLI is a large-scale dataset of human-written English sentence
pairs manually labeled into entailment, contradiction, and neutral
categories, designed to evaluate models’ ability to capture
fundamental logical and semantic relationships.

DBPedia
(Zhang et al., 2015)

Classification ∼630K

DBPedia is a large-scale topic classification benchmark
consisting of Wikipedia articles labeled with 14 non-overlapping
DBpedia ontology classes, designed to evaluate models’ ability to
perform document-level topic and semantic classification.

WikiQA
(Yang et al., 2015)

Classification ∼3.0K

WikiQA is an open-domain question answering benchmark consisting
of question–sentence pairs derived from Wikipedia search logs,
annotated to evaluate answer sentence selection by identifying
sentences that contain the correct answer.

GLUE
(Wang et al., 2018)

Classification ∼1.05M

GLUE is a unified multi-task benchmark for evaluating general
natural language understanding, consisting of nine established NLU
tasks: CoLA, SST-2, MRPC, STS-B, QQP, MNLI, QNLI, RTE, and WNLI,
covering linguistic acceptability, sentiment analysis, paraphrase
detection, semantic similarity, and natural language inference.

SuperGLUE
(Wang et al., 2019)

Classification /
Multiple Choice Question

∼184K

SuperGLUE is a more challenging successor to GLUE, designed to
evaluate advanced natural language understanding beyond GLUE’s
saturation point. It consists of eight established tasks including BoolQ,
CB, COPA, MultiRC, ReCoRD, RTE, WiC, and WSC, and it targets
complex reasoning, commonsense inference, word sense disambiguation,
and coreference resolution.

ANLI
(Nie et al., 2020)

Classification ∼168K

ANLI is a challenging NLI benchmark constructed through an
iterative, adversarial human-and-model-in-the-loop process over
three rounds (R1-R3), targeting examples that strong existing
models fail to solve and providing a robust evaluation of advanced
natural language inference.

Reasoning

ARC
(Clark et al., 2018)

Multiple Choice Question ∼7.8K
ARC is a multiple-choice grade-school science QA benchmark
split into Easy and Challenge sets, designed to test scientific
reasoning beyond surface-level pattern matching.

CommonsenseQA
(Talmor et al., 2019)

Multiple Choice Question ∼12K

CommonsenseQA is a 5-way multiple-choice commonsense question
answering benchmark grounded in the ConceptNet knowledge graph,
where questions are authored to discriminate among concept
candidates sharing a semantic relation, designed to evaluate
diverse commonsense reasoning about everyday situations, physical
properties, and social interactions.

HellaSwag
(Zellers et al., 2019)

Multiple Choice Question ∼60K

HellaSwag is designed to evaluate commonsense reasoning through
sentence-completion tasks. It presents everyday scenarios with four
multiple-choice endings and asks models to select the most plausible next
event; it uses adversarial filtering to generate challenging distractor endings
that are difficult for current models but typically easy for human evaluators.

MMLU
(Hendrycks et al., 2020)

Multiple Choice Question ∼16K

MMLU is a comprehensive multiple-choice benchmark covering 57
subjects across STEM, humanities, and social sciences, designed to
evaluate models’ broad world knowledge and knowledge-intensive
problem-solving ability across a wide range of difficulty levels.

WinoGrande
(Sakaguchi et al., 2021)

Multiple Choice Question ∼44K

WinoGrande is a large-scale adversarial commonsense reasoning
benchmark of Winograd-style pronoun resolution problems formulated
as binary-choice sentence completion, designed to evaluate whether
models can use contextual commonsense rather than shallow
statistical cues; it applies AFLITE-based debiasing/adversarial
filtering to reduce dataset-specific biases.

BBH
(Suzgun et al., 2023)

Multiple Choice Question /
Open-Ended Generation

∼6.5K
BBH is a curated subset of BIG-bench (Srivastava et al., 2023) consisting of
challenging reasoning tasks where prior language models underperformed,
designed to test advanced multi-step reasoning across diverse problem types.

GPQA
(Rein et al., 2024)

Multiple Choice Question ∼0.4K

GPQA is a graduate-level multiple-choice benchmark written by domain
experts in biology, physics, and chemistry, designed to evaluate scientific
reasoning and problem solving with questions intended to be “Google-proof,”
i.e., difficult for skilled non-experts even with unrestricted web access.

MMLU-Pro
(Wang et al., 2024c)

Multiple Choice Question ∼12K

MMLU-Pro is a multi-task multiple-choice benchmark with questions drawn
from 14 broad disciplines, constructed by filtering and refining MMLU-style
items and adding more reasoning-focused questions from additional sources,
and it uses an expanded answer set with ten options per question to better
probe challenging understanding and reasoning.

Table 2: Comprehensive Overview of Benchmarks for LLM Task Adaptation (Part 1 of 4).
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Category Benchmark Output Type Size Description

Mathematics

AQuA-RAT
(Ling et al., 2017)

Multiple Choice Question /
Open-Ended Generation

∼100K

AQuA-RAT is an algebraic word problem 5-way multiple-choice
benchmark where each question is paired with a step-by-step
natural-language rationale (often including human-readable math
expressions), designed to evaluate interpretable multi-step
mathematical reasoning beyond predicting only the final answer.

MATH
(Hendrycks et al., 2021)

Open-Ended Generation ∼13K

MATH is a competition-level mathematics problem-solving benchmark
covering diverse topics (e.g., algebra, geometry, number theory,
counting & probability, and precalculus), where each problem includes
a full step-by-step solution and a final answer, designed to evaluate
advanced mathematical reasoning and multi-step problem solving.

SVAMP
(Patel et al., 2021)

Open-Ended Generation ∼1.0K

SVAMP is an adversarial challenge benchmark of one-unknown
arithmetic math word problems created by applying small but
systematic variations to existing problems, designed to evaluate
robust multi-step arithmetic reasoning beyond keyword matching and
shallow statistical cues.

GSM8K
(Cobbe et al., 2021)

Open-Ended Generation ∼8.8K
GSM8K is a grade-school math word problem benchmark consisting
of natural-language questions with final numeric answers, designed to
evaluate multi-step arithmetic reasoning required to solve the problems.

TabMWP
(Lu et al., 2022a)

Multiple Choice Question /
Open-Ended Generation

∼38K

TabMWP is a tabular math word problem benchmark where each
question is paired with a tabular context provided in multiple
formats (e.g., table image and structured text), designed to
evaluate joint reasoning over tables and natural-language
descriptions for deriving correct numerical answers (with gold
step-by-step solutions available).

MATH500
(Lightman et al., 2023)

Open-Ended Generation ∼0.5K
MATH500 is a curated evaluation subset of the MATH dataset,
designed to provide an efficient yet diverse test of
competition-style mathematical problem solving.

MetaMathQA
(Yu et al., 2023)

Open-Ended Generation ∼395K

MetaMathQA is an augmented mathematical reasoning dataset
bootstrapped from the training sets of GSM8K and MATH by generating
diverse, semantically equivalent problem variants (with answer
augmentation), designed to improve models’ robustness in multi-step
mathematical reasoning across varied linguistic formulations.

Coding

HumanEval
(Chen, 2021)

Open-Ended Generation ∼0.2K

HumanEval is a benchmark of handwritten Python programming
tasks specified by function signatures and docstrings, designed to
evaluate models’ ability to generate correct code solutions for
the given problem specifications.

MBPP
(Austin et al., 2021)

Open-Ended Generation ∼1.0K

MBPP is a benchmark of entry-level Python programming tasks
specified by short natural-language problem descriptions, designed
to evaluate models’ ability to synthesize correct short programs
involving basic algorithms and common data-structure manipulations.

MultiPL-E
(Cassano et al., 2023)

Open-Ended Generation ∼25K

MultiPL-E is a polyglot code generation benchmark that translates
Python-based programming tasks from HumanEval and MBPP into many
target languages, designed to evaluate models’ cross-language code
synthesis ability and consistency across diverse programming languages.

SWE-bench
(Jimenez et al., 2023)

Open-Ended Generation ∼2.3K

SWE-bench is a software engineering benchmark built from real
GitHub issues and corresponding pull requests across multiple
popular repositories, designed to evaluate models’ ability to
understand and modify large codebases by producing code changes
that resolve the described issues (e.g., bug fixes or feature requests).

CruxEval
(Gu et al., 2024)

Open-Ended Generation ∼0.8K

CruxEval is a Python function reasoning benchmark consisting of
short functions paired with input-output examples, designed to
evaluate models’ ability to understand program execution by
performing output prediction (infer the output for a given input)
and input prediction (find an input that produces a given output).

Table 3: Comprehensive Overview of Benchmarks for LLM Task Adaptation (Part 2 of 4).
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Category Benchmark Output Type Size Description

Question
Answering

SQuAD v1.1
(Rajpurkar et al., 2016)

Open-Ended Generation ∼98K

SQuAD v1.1 is an extractive reading comprehension benchmark built
from questions written on Wikipedia passages, where each question
is paired with an answer that is a contiguous text span from the
given passage, designed to evaluate models’ ability to perform
span-based question answering.

TriviaQA
(Joshi et al., 2017)

Open-Ended Generation ∼96K

TriviaQA is a reading-comprehension benchmark built from trivia
questions paired with evidence documents from Wikipedia and the web,
designed to test answering complex, compositional questions despite
substantial mismatch between questions and supporting evidence.

HotpotQA
(Yang et al., 2018)

Open-Ended Generation ∼113K

HotpotQA is a multi-hop QA benchmark where each question is paired
with supporting facts across multiple Wikipedia articles, designed
to test whether models can integrate evidence from more than one
document to answer complex questions.

Natural Questions
(Kwiatkowski et al., 2019)

Open-Ended Generation ∼323K

Natural Questions is an open-domain QA benchmark built from real
Google search queries paired with Wikipedia pages, providing
annotations for both long answers (passages) and short answers
(specific entities) to test end-to-end question answering grounded
in retrieved evidence.

Summarization

CNN/DailyMail
(Hermann et al., 2015)

Open-Ended Generation ∼312K

CNN/DailyMail is a news summarization benchmark consisting of full
news articles paired with human-written highlights (bullet-style
summary sentences), designed to evaluate models’ ability to
produce concise summaries that capture the key information in
long-form news reports.

XSum
(Narayan et al., 2018)

Open-Ended Generation ∼227K

XSum is an extreme abstractive summarization benchmark pairing BBC
news articles with single-sentence summaries that capture what the
article is about, designed to measure models’ ability to produce
highly condensed, gist-focused summaries rather than
detail-preserving paraphrases.

SAMSum
(Gliwa et al., 2019)

Open-Ended Generation ∼16K

SAMSum is an abstractive dialogue summarization benchmark
consisting of messenger-style chat conversations with
human-written summaries, designed to evaluate models’ ability to
summarize informal, multi-speaker dialogues that may include
colloquial language such as slang and emoticons.

DialogSum
(Chen et al., 2021)

Open-Ended Generation ∼13K

DialogSum is an abstractive dialogue summarization benchmark
consisting of multi-turn dialogues from diverse real-life
scenarios (compiled from multiple dialogue sources) paired with
human-written summaries and topics, designed to evaluate models’
ability to capture salient information and speaker intents in
multi-speaker conversations

XL-Sum
(Hasan et al., 2021)

Open-Ended Generation ∼1.4M

XL-Sum is a large-scale multilingual abstractive summarization
benchmark consisting of BBC news article–summary pairs across
dozens of languages, designed to evaluate summarization capability
across both high- and low-resource languages.

Structured
Data-to-Text

E2E NLG
(Novikova et al., 2017)

Open-Ended Generation ∼51K

E2E NLG is a restaurant-domain data-to-text generation benchmark that pairs
dialogue-act-style meaning representations in the form of attribute–value pairs
with human-written utterances, and is designed to evaluate end-to-end
verbalization and content selection under diverse surface realizations.

WebNLG
(Gardent et al., 2017)

Open-Ended Generation ∼22K

WebNLG is a data-to-text benchmark that maps sets of DBpedia RDF triples
to short natural-language texts, and is designed to evaluate micro-planning
in generation, including lexicalization, aggregation, referring expression
generation, and sentence segmentation, while preserving the input facts.

ToTTo
(Parikh et al., 2020)

Open-Ended Generation ∼136K

ToTTo is a controlled table-to-text generation benchmark pairing
Wikipedia tables with a set of highlighted cells and a
human-written one-sentence description, designed to evaluate
grounded and faithful text generation from structured tabular data
under explicit content selection.

Table 4: Comprehensive Overview of Benchmarks for LLM Task Adaptation (Part 3 of 4).
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Category Benchmark Output Type Size Description

Safety and
Trustworthiness

HateSpeech18
(De Gibert et al., 2018)

Classification ∼11K

HateSpeech18 is a sentence-level hate speech dataset sampled from
posts on the Stormfront white-supremacist forum and manually
labeled as hate vs non-hate, designed to evaluate models’ ability
to detect hate speech in highly domain-specific, ideologically
skewed online discussions.

RealToxicityPrompts
(Gehman et al., 2020)

Open-Ended Generation ∼100K

RealToxicityPrompts is a dataset of 100k naturally occurring,
sentence-level prompts drawn from English web text and paired with
toxicity annotations, designed to evaluate whether language models
produce toxic continuations when conditioned on real-world prompts
spanning a range of toxicity levels.

CrowS-Pairs
(Nangia et al., 2020)

Multiple Choice Question ∼1.5K

CrowS-Pairs is a social bias evaluation benchmark consisting of
sentence pairs that differ in whether they express a stereotype,
covering nine bias categories (e.g., race, gender, religion, age),
designed to measure models’ tendency to prefer stereotypical
statements over less-stereotyping alternatives.

ToxiGen
(Hartvigsen et al., 2022)

Classification ∼274K

ToxiGen is a large-scale machine-generated toxicity dataset
consisting of toxic and benign statements about minority identity
groups, created to surface implicit and adversarially crafted
toxic language beyond explicit slurs or profanity, and designed to
evaluate models’ ability to detect subtle harmful content rather
than relying on group-mention shortcuts.

ParaDetox
(Logacheva et al., 2022)

Open-Ended Generation ∼20K

ParaDetox is a parallel text detoxification dataset pairing toxic
sentences with human-written non-toxic paraphrases, designed to
test whether models can remove toxicity while preserving the
original meaning.

TruthfulQA
(Lin et al., 2022)

Multiple Choice Question /
Open-Ended Generation

∼0.8K

TruthfulQA is a question answering benchmark consisting of
questions spanning 38 categories that are crafted to trigger
common misconceptions, designed to evaluate whether models can
produce truthful, misconception-resistant answers rather than
imitating popular human falsehoods.

ETHOS
(Mollas et al., 2022)

Classification ∼1.0K

ETHOS is an online hate-speech detection dataset of YouTube and
Reddit comments with both a binary hate-speech label and an
additional multi-label variant that annotates hateful comments
with fine-grained hate categories.

HaluEval
(Li et al., 2023a)

Classification ∼35K

HaluEval is a hallucination benchmark built from instruction-style
prompts and task-specific contexts (QA, dialogue, and
summarization), pairing responses with annotations of whether
content is hallucinated to assess factuality and faithfulness in
generated text.

Do-Not-Answer
(Wang et al., 2023e)

Open-Ended Generation ∼0.9K

Do-Not-Answer is a safety safeguard evaluation benchmark
consisting of risky questions and instructions spanning a
structured taxonomy of harm types (e.g., privacy leakage, illegal
activities, toxic content, misinformation harms, and human–chatbot
interaction risks), designed to assess whether models can avoid
facilitating harm and respond responsibly to unsafe requests.

General ICL
Capability

FV Benchmark
(Todd et al., 2023)

Multiple Choice Question /
Open-Ended Generation

∼9.3K

FV Benchmark comprises 29 abstractive and 28 extractive tasks,
including closely related and contrasting variants, making it
well suited for studying in-context learning behaviors.
Abstractive tasks require generating information not explicitly
present in the prompt, whereas extractive tasks involve directly
retrieving the answer from it.

ICL-50
(Zhang et al., 2025c)

Multiple Choice Question /
Open-Ended Generation

∼3.2M

ICL-50 is a many-shot in-context learning dataset spanning 50
tasks across several task families, created to study how model
performance and behavior change as the number of in-context
examples scales to long contexts.

Table 5: Comprehensive Overview of Benchmarks for LLM Task Adaptation (Part 4 of 4).
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