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Abstract

Aligning large language models to handle in-001
structions with extremely long contexts has yet002
to be fully investigated. Previous studies at-003
tempt to scale up the available data volume by004
synthesizing long instruction-following sam-005
ples, as constructing such a dataset tends to be006
challenging for annotators. However, a lack of007
a well-defined strategy for ensuring data qual-008
ity may introduce low-quality samples and re-009
strict the model performance. Thus, we pro-010
pose GATEAU, a novel framework to address011
the unique challenge of long context alignment012
by identifying the influential samples enriched013
with long-range dependency relations. Specif-014
ically, GATEAU measures the long-range de-015
pendencies from two essential aspects: the dif-016
ficulty of generating target responses due to the017
long-range dependencies, and the difficulty of018
understanding long inputs due to such depen-019
dencies. Comprehensive experiments indicate020
that GATEAU effectively identifies influential021
samples and the model trained on these selected022
samples exhibits better instruction-following023
and long-context understanding capabilities.024

1 Introduction025

Large Language Models (LLMs) with large con-026

text windows (Du et al., 2022; Li et al., 2023; Chen027

et al., 2024b) have shown impressive capabilities028

in real-world tasks that involve extremely long con-029

texts (Bai et al., 2023). Recent works to build long-030

context LLMs mainly focus on broadening the con-031

text window via position encoding extension and032

continual pre-training on long corpus (Chen et al.,033

2023b; Peng et al., 2024; Xiong et al., 2024).034

Despite these advancements, few studies con-035

sider the long context alignment of LLMs to lever-036

age their capabilities in understanding lengthy in-037

puts and following complex instructions. A pri-038

mary obstacle lies in the difficulty of constructing039

a high-quality long instruction-following dataset040

for supervised fine-tuning (SFT). Annotating long041

instruction-following data tends to be much more 042

challenging than short ones, as it is non-trivial for 043

annotators to understand an excessively long con- 044

text and provide high-quality responses, e.g., anno- 045

tators might be tasked with writing a summary for 046

a document containing 64k words. Furthermore, 047

modeling long-range dependencies is crucial for 048

long-context tasks (Chen et al., 2024a; Wu et al., 049

2024), as such strong semantic dependencies bene- 050

fit LLMs to understand lengthy inputs and gener- 051

ate high-quality responses. Thus, Li et al. (2023); 052

Tworkowski et al. (2023); Xiong et al. (2024) 053

construct the long instruction-following dataset 054

by concatenating short instruction-following sam- 055

ples. While these methods successfully increase 056

sequence lengths, simply concatenating unrelated 057

samples fails to effectively simulate the inherent 058

long-range dependencies in authentic long sam- 059

ples. To address this issue, Yang (2023); Chen et al. 060

(2024b); Bai et al. (2024) focus on synthesizing 061

long instruction-following data. For instance, Bai 062

et al. (2024) synthesizes 10k samples by employing 063

Claude 2.1 (Anthropic., 2023), which supports a 064

context window of 200k tokens, to get responses 065

for the collected long documents. 066

However, when training on such synthetic sam- 067

ples with sufficiently long contexts, LLMs still 068

struggle to model the long-range dependencies 069

(Chen et al., 2024a). This is because indiscrim- 070

inately increasing the quantity of data without a 071

well-defined strategy for ensuring data quality can 072

introduce low-quality samples lacking long-range 073

dependency relations. Such samples may rely only 074

on a few tokens before the instruction or may not 075

require long inputs to get the target response. Thus, 076

a critical question arises: How can we effectively 077

select influential samples from a vast amount of 078

synthetic long instruction-following data for long 079

context alignment? 080

Previous studies for selecting influential instruc- 081

tion data primarily focus on short samples (Li et al., 082
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Figure 1: An overview of GATEAU. GATEAU first selects samples enriched with long-range dependency relations
by using two proposed methods. Then it uses selected influential samples for training long-context LLMs.

2024b; Xia et al., 2024). Consequently, these stud-083

ies may not be effective for long context alignment,084

as they ignore the unique challenge in long context085

alignment, i.e., how to select the samples enriched086

with meaningful long-range dependency relations.087

To address this challenge, we measure the long-088

range dependencies from two essential aspects:089

the difficulty of generating target responses due090

to the long-range dependencies, and the difficulty091

of understanding long inputs due to such depen-092

dencies. We introduce GATEAU, which consists093

of Homologous Models’ GuidAnce (HMG) and094

ConTExtual Awareness MeasUrement (CAM),095

to identify the influential long samples enriched096

with long-range dependency relations to achieve097

better long context alignment.098

Specifically, the proposed HMG measures the099

difficulty of generating target responses due to the100

long-range dependencies, by comparing the per-101

plexity scores of the response between two homol-102

ogous models with different context windows (e.g.,103

the perplexity scores from LLaMA-2-base-4k (To-104

gether.ai, 2023) and LLaMA-2-base-64k (Bai et al.,105

2024)). The idea behind HMG is that the primary106

difference between homologous models with vary-107

ing context windows lies in their different capabili-108

ties for modeling long-range dependencies. Thus,109

the disparity in the perplexity scores can be inter-110

preted as reflecting the difficulty of generating the111

response caused by the long-range dependencies.112

We further introduce CAM to measure the diffi-113

culty of understanding the long input contexts due114

to long-range dependencies. We first calculate the115

importance score of different input segments con- 116

cerning the given response and subsequently mea- 117

sure whether LLMs can pay more attention to more 118

important segments. Should LLM’s attention focus 119

more on less important segments, it implies that it 120

is hard for the LLM to comprehend the long inputs 121

correctly. Ultimately, we take the weighted sum of 122

both scores from two methods as the final criterion 123

for ranking the data, selecting the most challeng- 124

ing samples as influential ones. When trained on 125

these selected samples characterized by complex 126

long-range dependency relations, LLMs could ef- 127

fectively model the long-range dependencies and 128

achieve better instruction-following performance. 129

We conduct extensive experiments to evaluate 130

GATEAU, including long-context understanding 131

benchmark (LongBench (Bai et al., 2023)) and 132

instruction-following benchmarks (LongBench- 133

Chat (Bai et al., 2024), MT-Bench (Zheng et al., 134

2023)). With GATEAU, significant performance 135

boosts are observed, e.g., the model trained on just 136

10% selected samples of the dataset achieves better 137

performance than the vanilla fine-tuning method. 138

2 Methodology 139

As shown in Figure 1, we propose GATEAU to 140

select influential samples from a vast ocean of syn- 141

thetic data instead of indiscriminately increasing 142

the quantity of synthetic long instruction-following 143

data (Chen et al., 2024b; Bai et al., 2024). Different 144

from previous studies that only consider the short 145

context scenarios (Li et al., 2024b; Xia et al., 2024), 146

we attempt to address the unique challenge in long 147
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context alignment, i.e., modeling long-range de-148

pendencies. GATEAU consists of Homologous149

Models’ Guidance and Contextual Awareness Mea-150

surement, which separately measure the difficulty151

of generating corresponding responses and under-152

standing long input contexts due to the long-range153

dependencies. In this way, GATEAU can compre-154

hensively and effectively measure the richness of155

long-range dependency relations in long samples.156

2.1 Homologous Models’ Guidance157

Modeling long-range dependencies is essential for158

long context alignment (Chen et al., 2024a). How-159

ever, there is still no effective metric to directly160

quantify the richness of long-range dependency161

relations in data, which hinders the selection of in-162

fluential data. Therefore, in this section, we attempt163

to approximately assess the richness of long-range164

dependency relations by measuring the difficulty165

in generating corresponding responses due to the166

long-range dependencies. If LLMs find it harder to167

generate target responses due to long-range depen-168

dencies, it means the sample has more complex and169

meaningful long-range dependency relations. An170

intuitive approach is to use the perplexity score to171

measure the difficulty of generating corresponding172

responses (Cao et al., 2024; Li et al., 2024b), as173

the score evaluates the extent to which the LLM’s174

output aligns with the corresponding correct an-175

swer. For a given long instruction-following sam-176

ple pc, x; yq, the perplexity score of the given re-177

sponse y from LLMs θ is calculated as:178

PPLθpy|c, xq “ Expp´
1

|y|

|y|
ÿ

i“1

logP pyi|c, x, yăi; θqq. (1)179

where c means long input contexts and x means the180

given instruction. A higher PPLθpy|c, xq indicates181

the harder the response of this long instruction-182

following data for LLM to generate.183

However, we argue that a higher PPLθpy|xq184

does not mean the increased difficulty in gener-185

ating corresponding responses is due to long-range186

dependencies. A higher PPLθpy|c, xq might be187

attributed to certain limited capabilities of LLMs,188

such as the limited instruction-following capability189

for the model without alignment, instead of han-190

dling the long-range dependency relations in this191

sample is more challenging for the LLM. There-192

fore, to minimize the influence of other factors, we193

propose Homologous Models’ Guidance (HMG).194

Specifically, we compare the perplexity scores of195

the response between two homologous models with 196

different context windows to measure the difficulty 197

due to the long-range dependencies. As homol- 198

ogous models (Yu et al., 2024) share the same 199

pre-training stage and model architecture (e.g., 200

LLaMA-2-base-4k and LLaMA-2-base-64k), the 201

only difference lies in their capabilities to model 202

long-range dependency relations due to the extend- 203

ing context windows stage. Based on this motiva- 204

tion, we introduce the homologous models’ per- 205

plexity score HMPpc, x; yq: 206

HMPpc, x; yq “ NormpPPLθApy|c, xqq 207

´NormpPPLθB py|c, xqq. (2) 208

Model θA employs short context windows and θB 209

is the model with long ones, e.g., LLaMA-2-base- 210

4k θA and LLaMA-2-base-64k θB . We compute 211

the difference in normalized perplexity scores be- 212

tween two homologous models with different con- 213

text windows as the metric. We apply softmax 214

normalization to each score to determine its respec- 215

tive ranking among the datasets, since perplexity 216

scores of one sample from different models often 217

can’t be directly compared. By introducing a model 218

θA with weaker long-range dependencies modeling 219

capability but other similar capabilities learned dur- 220

ing the pre-training stage, we mitigate the influence 221

brought by lacking other capabilities compared to 222

simply using perplexity score as Eq. (1). Thus, 223

the difference in perplexity scores is primarily at- 224

tributed to the different abilities in modeling long- 225

range dependencies between model θA and model 226

θB . In other words, Eq. (2) reflects the difficulty 227

of generating the corresponding response caused 228

by long-range dependencies. We use the drop from 229

PPLθA to PPLθB in Eq. (2) because model θA 230

tends to produce a high perplexity score due to 231

its weak ability to model long-range dependencies. 232

Thus, a higher HMPpc, x; yq indicates more dif- 233

ficulties for LLM in response generation due to 234

the long-range dependencies, i.e., more long-range 235

dependency relations in this sample. 236

2.2 Contextual Awareness Measurement 237

Another challenge in long context alignment lies 238

in enabling LLMs to understand and utilize the 239

extremely long inputs. Due to the long-range de- 240

pendencies, it is hard for LLMs to utilize crucial 241

information hidden in extremely long contexts, e.g., 242

LLM’s attention may focus on irrelevant content. 243

Thus, we introduce Contextual Awareness Mea- 244
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surement (CAM) to evaluate whether LLMs’ at-245

tention is appropriately focused on important seg-246

ments within the lengthy inputs. We attempt to247

evaluate the importance score of each segment and248

calculate the LLM’s attention weights on each one,249

getting the Contextual Awareness Score (CAS)250

via computing their similarity. For a given data251

pc, x; yq, we divide the input contexts c into N seg-252

ments rs1, s2, s3, ..., sN s of equal length L. For253

segment si, we first compute the designed impor-254

tance score ISθpsiq to measure the significance of255

the segment in the response generation for LLM θ:256

ISθpsiq “ NormpExpp´
1

|y|

|y|
ÿ

j“1

logP pyi|si, x, yăj ; θqqq.

(3)

257

We only keep the segment si as the input to calcu-258

late the perplexity score of generating the response259

y, indicating the difficulty of generating response260

y based on segment si. We apply softmax normal-261

ization to each score to determine its respective262

ranking among the segments tsiu
N
i“1 as shown in263

Eq. (3). The higher ISθpsiq suggests a greater diffi-264

culty for LLM θ to generate the response based on265

segment si, implying that it is less important.266

Once the importance scores of different seg-267

ments are calculated, we then utilize the atten-268

tion weights (i.e., the value of softmaxp
QKT
?
dk

q )269

in the multi-head attention mechanism (Vaswani270

et al., 2017) to measure how the LLM utilizes these271

segments. We use the averaged attention weights272

of tokens rt1, ..., tLs in segments si as the score273

Attnθpsiq, which takes the form:274

Attnθpsiq “ Normp
1

L

L
ÿ

j“1

Attnθptj |y; θqq. (4)275

where Attnθptj |y; θq means the attention weights276

averaged across the tokens in targeted response y277

to the token tj in segment si. Meanwhile, we har-278

ness the attention weights averaged across different279

decoder layers and attention heads to thoroughly280

model how the LLM utilizes the long input con-281

texts during the response generation (Hsieh et al.,282

2024). We apply softmax normalization to each283

score 1
L

řL
j“1Attnθptj |y; θq to determine its re-284

spective ranking among the segments tsiu
N
i“1 to285

yield the score Attnθpsiq. In so doing, we can cal-286

culate the attention weights between the response287

and segments, indicating how segments are utilized288

during the response generation.289

Finally, we measure the difficulty of under- 290

standing the long input contexts due to long- 291

range dependencies. For a given long instruction- 292

following sample, we compute the CAS by resort- 293

ing to the cosine similarity between importance 294

scores rISθps1q, ..., ISθpsN qs and attention weights 295

rAttnθps1q, ...,AttnθpsN qs, as follows: 296

CASpc, x; yq “CosSimprISθps1q, . . . , ISθpsN qs, 297

rAttnθps1q, . . . ,AttnθpsN qsq.
(5)

298

By doing this, we can measure the difficulty of 299

understanding the long input contexts by check- 300

ing whether LLMs’ attention is focused on im- 301

portant segments. The insight is that should the 302

LLM’s attention focus more on less important seg- 303

ments, it suggests that the LLM struggles to ac- 304

curately comprehend long input contexts. The 305

higher CASpc, x; yq indicates more difficulties in 306

utilizing the long input contexts to generate corre- 307

sponding responses due to the long-range depen- 308

dencies, which also implies the more long-range 309

dependency relations in this sample. 310

2.3 Selecting and Training 311

We frame the final score by weighting both two 312

metrics of the sample pc, x; yq, then select the most 313

challenging samples as the influential samples, i.e., 314

Scorepc, x; yq “ α ˚ NormpHMPpc, x; yqq 315

`p1 ´ αq ˚ NormpCASpc, x; yqq. (6) 316

α is a hyperparameter. We tap softmax normaliza- 317

tion to the HMPpc, x; yq and CASpc, x; yq across 318

the whole dataset. Inspired by active learning (Li 319

et al., 2024a), when trained on these challenging 320

data with complex long-range dependency rela- 321

tions, LLMs could effectively model such depen- 322

dencies and achieve better long context alignment. 323

LLMs are often fine-tuned with instruction- 324

following data to learn to follow instructions. We 325

aim to apply SFT on the selected data (e.g., se- 326

lecting 10% samples of full datasets with top 10% 327

scores according to Eq. (6)). Thus we train LLMs 328

using the following objective function: 329

Lθpc, x; yq “ ´

|y|
ÿ

i“1

logP pyi|c, x, yăi; θq. (7) 330

3 Experiment 331

3.1 Experimental Setup 332

Training Datasets. We use LongAlign (Bai et al., 333

2024) as the long instruction-following dataset, 334
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which contains 10,000 long samples. We apply335

our proposed GATEAU to the LongAlign dataset.336

Meanwhile, similar to Bai et al. (2024), to main-337

tain the model’s general capabilities and its pro-338

ficiency in following short instructions, we uti-339

lize ShareGPT dataset (Chiang et al., 2023) as the340

source of short instruction data in training data. To341

study the impact of mixing long and short instruc-342

tion samples, we evaluate GATEAU in both Real-343

world Settings and Limited Short Instruction344

Data Settings. Real-world Settings indicate real-345

world users prioritize short instruction-following in-346

teractions. Thus, we use the full ShareGPT dataset347

as short instruction-following data. We also explore348

scenarios where short instruction data is limited,349

utilizing only the first 10% of ShareGPT, namely350

Limited Short Instruction Data Settings. More de-351

tails are shown in Appendix A.352

Training Details. We use LLaMA-2-7B-base-4k353

(Touvron et al., 2023) and LLaMA-2-7B-base-64k354

(Bai et al., 2024) as homologous models to apply355

the proposed HMG. For CAM, we use LLaMA-356

2-7B-base-64k to calculate the CAS. We then use357

selected samples to train the LLaMA-2-7B-base-358

64k as our final model GATEAU-LLaMA. More359

details are shown in Appendix A.360

Baselines. We compare our method with multiple361

SFT data selection baselines. Cherry Selection (Li362

et al., 2024b) and CaR (Ge et al., 2024) are state-363

of-the-art methods to select the influential short364

instruction-following data. We also use the per-365

plexity score from long-context LLM as guidance366

to select long instruction-following samples accord-367

ing to Eq. (1), namely Perplexity Guidance. More368

details can be found in Appendix B.369

Evaluation. To gauge the effectiveness of our370

method, we conduct extensive evaluations on dif-371

ferent benchmarks. We use LongBench-Chat (Bai372

et al., 2024) to evaluate the models’ ability to follow373

long instructions, which compromises open-ended374

questions of 10k-100k in length. We also employ375

bilingual and multi-task benchmark LongBench376

(Bai et al., 2023) to evaluate the model’s long-377

context understanding abilities. We conduct evalua-378

tions on three tasks the same as Bai et al. (2024), in-379

cluding Single-Doc QA, Multi-Doc QA, and Sum-380

marization. Meanwhile, as aligned models gener-381

ally produce longer responses, rather than relying382

solely on the automatic metrics (e.g., ROUGE) to383

evaluate the results, we follow Bai et al. (2024) to384

employ GPT-4 to evaluate the model outputs based385

on their alignment with the ground-truth answers386

Model Real-world Limited

LongBench-Chat
w/o SFT 10.4 10.4
w/o Long SFT 37.4 36.2
Full - 100% 48.8 50.8
Perplexity Guidance - 10% 52.2 49.0
CaR - 10% 50.8 49.0
Cherry Selection - 10% 53.2 50.8
GATEAU-LLaMA - 10% 55.4 58.0
Perplexity Guidance - 30% 50.6 51.8
CaR - 30% 48.6 51.4
Cherry Selection - 30% 50.4 52.4
GATEAU-LLaMA - 30% 57.8 55.2
Perplexity Guidance - 50% 49.8 51.0
CaR - 50% 49.6 51.6
Cherry Selection - 50% 50.6 53.2
GATEAU-LLaMA - 50% 56.8 59.0

MT-Bench
w/o SFT 34.6 34.6
w/o Long SFT 53.7 50.5
Full - 100% 54.3 47.7
Perplexity Guidance - 10% 56.1 50.9
CaR - 10% 54.9 49.9
Cherry Selection - 10% 56.8 47.6
GATEAU-LLaMA - 10% 58.6 53.4
Perplexity Guidance - 30% 55.0 50.2
CaR - 30% 54.3 48.6
Cherry Selection - 30% 54.3 45.8
GATEAU-LLaMA - 30% 58.8 52.9
Perplexity Guidance - 50% 55.9 49.2
CaR - 50% 54.7 51.2
Cherry Selection - 50% 56.3 49.6
GATEAU-LLaMA - 50% 57.3 54.2

Table 1: Results (%) on LongBench-Chat and MT-
Bench in two different settings.

on LongBench. We use MT-Bench (Zheng et al., 387

2023) to measure the models’ ability to follow short 388

instructions via GPT-4 rating. To ensure the most 389

stable evaluation results, we use GPT-4 to score 390

twice and average these scores to obtain the final 391

results. More details about evaluation (e.g., the 392

rating prompts) can be found in Appendix C. 393

3.2 Impact of GATEAU 394

Improving Instruction-Following Capabilities 395

for Both Short and Long Inputs. The ex- 396

perimental results are shown in Table 1 for the 397

LongBench-Chat and MT-Bench benchmarks in 398

two settings. It shows that GATEAU can consis- 399

tently improve LLMs’ capabilities in following 400

both long and short instructions and generating 401

high-quality responses. Compared to indiscrimi- 402

nately using the whole dataset (Full-100%), using 403

the selected subset of the long instruction-following 404

dataset (GATEAU-LLaMA) can significantly im- 405

prove the instruction-following capabilities, e.g., 406

increasing 9% in LongBench-Chat and 6.5% in MT- 407

Bench. Meanwhile, the low performance of w/o 408

Long SFT in LongBench-Chat indicates that using 409

long SFT data is important for the performance in 410

handling the instructions with long input contexts. 411
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Model Single-Doc QA Multi-Doc QA Summarization

1-1 1-2 1-3 1-4 Avg 2-1 2-2 2-3 2-4 Avg 3-1 3-2 3-3 3-4 Avg

Real-world Settings
w/o SFT 33.8 38.0 41.1 34.8 36.9 41.3 37.2 33.3 42.0 38.5 39.2 20.2 37.1 30.9 31.9
w/o Long SFT 58.7 66.7 83.1 79.2 71.9 70.2 53.4 48.7 61.3 58.4 57.3 36.2 55.2 38.4 46.8
Full - 100% 62.8 69.0 83.1 81.3 74.1 71.5 54.8 51.3 66.2 61.0 58.7 39.8 57.6 41.2 49.3

Perplexity Guidance - 10% 62.0 68.8 86.4 85.6 75.7 73.5 59.7 52.1 68.2 63.4 67.6 41.3 67.0 44.9 55.2
CaR - 10% 60.3 69.0 86.0 84.8 75.0 69.1 58.3 52.3 68.5 62.1 64.1 41.4 60.3 42.1 52.0
Cherry Selection - 10% 60.8 67.2 86.7 84.3 74.8 71.3 57.8 51.0 69.0 62.3 61.3 40.0 64.8 41.5 51.9
GATEAU-LLaMA - 10% 63.6 69.2 86.9 87.1 76.7 74.8 60.8 53.1 69.5 64.6 67.6 42.6 66.2 47.8 56.1
∆ compared to Full - 100% +0.8 +0.2 +3.8 +5.8 +2.7 +3.3 +6.0 +1.8 +3.3 +3.6 +8.9 +2.8 +8.6 +6.6 +6.7

Perplexity Guidance - 30% 62.8 67.3 86.2 82.6 74.7 72.3 59.3 50.8 67.8 62.6 62.3 41.7 64.8 42.7 52.9
CaR - 30% 61.3 67.3 86.4 85.3 75.1 68.3 58.3 53.2 66.8 61.7 64.6 39.7 60.7 41.2 51.6
Cherry Selection - 30% 62.0 66.8 87.1 84.3 75.1 74.3 59.3 52.7 68.7 63.8 62.3 40.5 64.6 44.4 53.0
GATEAU-LLaMA - 30% 63.0 70.8 87.6 85.8 76.8 75.7 61.0 55.7 69.5 65.5 67.5 44.7 65.9 47.4 56.4
∆ compared to Full - 100% +0.2 +1.8 +4.5 +4.5 +2.8 +4.2 +6.2 +4.4 +3.3 +4.5 +8.8 +4.9 +8.3 +6.2 +7.1

Perplexity Guidance - 50% 63.1 68.1 87.8 82.1 75.3 74.2 59.2 52.5 69.2 63.8 64.7 41.1 65.7 42.1 53.4
CaR - 50% 60.0 66.3 85.6 84.2 74.0 70.7 55.8 54.3 68.2 62.3 64.4 41.1 60.8 40.3 51.7
Cherry Selection - 50% 62.8 65.5 86.2 82.8 74.3 72.2 56.8 52.7 67.8 62.4 64.6 39.4 64.1 42.1 52.6
GATEAU-LLaMA - 50% 63.5 70.3 89.7 86.5 77.5 75.3 60.8 53.5 68.5 64.5 65.1 41.6 65.9 46.1 54.7
∆ compared to Full - 100% +0.7 +1.3 +6.6 +5.2 +3.5 +3.8 +6.0 +2.2 +2.3 +3.6 +6.4 +1.8 +8.3 +4.9 +5.4

Limited Short Instruction Data Settings
w/o SFT 33.8 38.0 41.1 34.8 36.9 41.3 37.2 33.3 42.0 38.5 39.2 20.2 37.1 30.9 31.9
w/o Long SFT 62.3 70.8 88.5 82.7 76.1 72.8 60.6 51.8 67.3 63.1 64.7 41.1 61.4 41.6 52.2
Full - 100% 58.7 69.7 85.8 83.0 74.3 70.5 58.7 50.8 67.8 62.0 59.6 38.4 59.6 43.3 50.2

Perplexity Guidance - 10% 62.8 69.2 89.3 85.7 76.8 73.8 59.1 54.1 71.1 64.5 69.8 45.8 65.7 50.1 57.9
CaR - 10% 62.8 68.3 88.0 82.7 75.5 71.8 58.0 52.7 68.8 62.8 65.5 42.0 61.8 43.1 53.1
Cherry Selection - 10% 62.8 69.8 86.7 85.7 76.3 72.0 58.7 52.5 69.3 63.1 63.2 43.3 60.1 46.4 53.3
GATEAU-LLaMA - 10% 64.8 74.7 89.8 86.5 79.0 75.2 61.2 54.6 70.0 65.3 71.1 47.3 67.0 54.2 59.9
∆ compared to Full - 100% +6.1 +5.0 +4.0 +3.5 +4.7 +4.7 +2.5 +3.8 +2.2 +3.3 +11.5 +8.9 +7.4 +10.9 +9.7

Perplexity Guidance - 30% 62.5 71.8 88.2 83.8 76.6 74.6 58.5 53.5 69.3 64.0 67.5 44.0 64.7 50.4 56.7
CaR - 30% 60.8 70.7 88.4 81.8 75.4 73.0 59.0 53.5 68.5 63.5 64.1 40.9 62.3 45.8 53.3
Cherry Selection - 30% 62.8 71.7 88.9 87.5 77.7 70.3 58.7 50.3 68.2 61.9 62.9 43.5 65.2 44.6 54.1
GATEAU-LLaMA - 30% 64.8 73.0 89.3 86.2 78.3 74.7 61.0 54.2 69.8 64.9 70.8 46.0 66.4 51.4 58.7
∆ compared to Full - 100% +6.1 +3.3 +3.5 +3.2 +4.0 +4.2 +2.3 +3.4 +2.0 +3.0 +11.2 +7.6 +6.8 +8.1 +8.4

Perplexity Guidance - 50% 61.5 68.3 85.1 82.8 74.4 72.3 59.3 52.0 67.7 62.8 60.2 40.9 58.6 42.3 50.5
CaR - 50% 62.3 68.1 86.9 80.1 74.4 71.0 58.7 52.8 68.0 62.6 64.4 41.2 61.1 45.6 53.1
Cherry Selection - 50% 61.2 69.7 86.2 83.7 75.2 69.7 56.8 49.5 66.2 60.6 64.1 41.8 60.5 43.7 52.5
GATEAU-LLaMA - 50% 63.7 71.8 87.1 84.7 76.8 74.0 60.0 53.8 69.0 64.2 66.1 43.9 62.4 46.4 54.7
∆ compared to Full - 100% +5.0 +2.1 +1.3 +1.7 +2.5 +3.5 +1.3 +3.0 +1.2 +2.3 +6.5 +5.5 +2.8 +3.1 +4.5

Table 2: GPT-4 evaluation results (%) on LongBench in Real-world Settings. Automatic metrics evaluation results
(%) are shown in Table 5. We use the ID to represent the dataset in LongBench, e.g., 1-1 is the ID of the NarrativeQA
dataset. More details can be found in Appendix C.2.

The results also show that our method GATEAU412

achieves consistently better performance in varying413

ratios of used long instruction-following samples414

compared with other baselines, indicating the effec-415

tiveness of our method. Compared with baselines416

focusing on short SFT samples (CaR and Cherry417

Selection), GATEAU can identify samples enriched418

with long-range dependency relations more effec-419

tively and help LLMs to achieve better long con-420

text alignment. We also observe that the selection421

of long instruction-following samples aids in aug-422

menting the instruction-following capabilities for423

short inputs. We conjecture that handling complex424

tasks (i.e., long input contexts) contributes to han-425

dling the easy ones (i.e., short input contexts).426

Enhancing the Long-Context Understanding427

Capabilities. The experimental results are shown428

in Table 2 and Table 5 (in Appendix) for the Long-429

Bench benchmark. Our methods achieve consistent430

and remarkable performance gains in both differ-431

ent settings and evaluation methods. We show the 432

improved scores (∆ compared to Full-100%) com- 433

pared to indiscriminately using the whole dataset 434

(Full-100%), indicating that GATEAU helps LLM 435

to better understand the long input contexts. We 436

also find that the baselines focusing on the selec- 437

tion of short instruction-following data (CaR and 438

Cherry Selection) hold inferior results, sometimes 439

even worse than using the whole dataset (Full- 440

100%). This can be attributed to these methods 441

are not designed for long context alignment and 442

understanding, thus failing to select the samples 443

enriched with long-range dependency relations. 444

3.3 Analysis 445

Ablation Study. To evaluate the effectiveness 446

of our proposed method, we conduct the abla- 447

tion study in Table 3. We can observe that HMG 448

and CAM can both enhance LLMs’ instruction- 449

following and long-context understanding capabili- 450
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Model LongBench LongBench-Chat MT-Bench

Single-Doc QA Multi-Doc QA Summarization Avg First-turn Second-turn Avg

Real-world Settings
GATEAU-LLaMA - 13B - 50% 40.2 27.1 25.7 61.4 66.8 55.3 61.1
-w/o Contextual Awareness Measurement 38.1 25.8 24.6 60.2 66.2 55.0 60.6
-w/o Homologous Models’ Guidance 38.6 26.0 25.1 60.6 66.0 54.6 60.3
-w/o Data Selection (i.e., Full - 100%) 33.6 16.7 24.4 59.4 66.0 54.1 59.6

GATEAU-LLaMA - 7B - 50% 38.9 25.8 25.5 56.8 64.1 50.4 57.3
-w/o Contextual Awareness Measurement 38.4 24.3 25.1 53.2 61.7 51.5 56.6
-w/o Homologous Models’ Guidance 38.6 24.5 24.9 52.8 63.1 49.3 56.3
-w/o Data Selection (i.e., Full - 100%) 36.1 22.3 23.8 48.8 60.0 48.7 54.3

Limited Short Instruction Data Settings
GATEAU-LLaMA - 13B - 50% 32.1 19.1 25.3 62.6 66.0 51.5 58.8
-w/o Contextual Awareness Measurement 31.4 18.4 24.7 59.6 64.2 50.3 57.3
-w/o Homologous Models’ Guidance 30.8 18.6 25.0 60.4 63.6 50.6 57.1
-w/o Data Selection (i.e., Full - 100%) 30.4 17.8 24.5 54.2 61.0 49.8 55.4

GATEAU-LLaMA - 7B - 50% 31.0 18.1 25.3 59.0 64.2 44.1 54.2
-w/o Contextual Awareness Measurement 28.5 17.5 24.7 53.2 61.3 42.4 51.8
-w/o Homologous Models’ Guidance 28.7 17.3 24.6 54.4 56.1 45.0 50.6
-w/o Data Selection (i.e., Full - 100%) 27.2 16.1 24.5 50.8 54.5 40.9 47.7

Table 3: Results (%) of ablation and scalability study. We show automatic metrics evaluation results on LongBench.

Coherence
(Long Input Contexts)

Necessity
(Long Input Contexts)

Complexity
(Instruction)

Faithfulness
(Response)

Helpfulness
(Response)

1% Highest
1% Lowest

Figure 2: The comparison between samples with top
1% and least 1% scored by GATEAU.

ties. This indicates the effectiveness of GATEAU451

and using both two methods can further improve452

the overall performance as they separately measure453

the difficulty from two different perspectives.454

Scalability Study. We explore whether GATEAU455

can fit in larger LLMs in Table 3. We apply our456

method on the Llama-2-13B-base series and fine-457

tune Llama-2-13B-base-64k (Bai et al., 2024) using458

the selected samples. Compared to the 7B-scale459

GATEAU-LLaMA-7B, the 13B GATEAU-LLaMA-460

13B shows consistent improvements on three bench-461

marks. This indicates that GATEAU scales effec-462

tively to larger-scale models.463

General Characteristics of Selected Samples.464

We delve into whether the selected samples based465

on our method align with known characteristics of466

high-quality training data as shown in Figure 2. We467

select 100 samples with the top 1% scores and 100468

samples with the least 1% scores. Utilizing GPT-4,469

we evaluate each sample on five aspects: the coher- 470

ence of long input contexts, the necessity of long 471

input contexts, helpfulness of response, the faithful- 472

ness of response, and the complexity of instruction. 473

A sample with a higher score tends to be more 474

high-quality, especially the long input contexts and 475

the response of the sample. The complexity of in- 476

struction, in particular, shows a mere improvement 477

compared to other characteristics. We evaluate the 478

whole dataset on this characteristic and find that all 479

samples show consistently low scores, which may 480

be due to the limitation of the synthetic dataset. 481

More details can be found in Appendix D. 482

Variation of Abilities under Different Context 483

Lengths. Figure 3 shows the macro-average re- 484

sults (%) on data in length ranges of 0-4k, 4k-8k, 485

and 8k+. We find that GATEAU improves the per- 486

formance in long-context scenarios (i.e., 4k-8k and 487

8k+). Indiscriminately using the full long SFT 488

dataset (Full-100%) even hinders the performance 489

in long-context scenarios compared to solely using 490

the short instruction-following dataset (-w/o Long 491

SFT). This confirms the necessity of selecting influ- 492

ential samples and the effectiveness of GATEAU. 493

Human Evaluation. We further conduct the hu- 494

man evaluation on the LongBench-Chat bench- 495

mark. We invite three participants (Ph.D. students 496

or Master students) to compare the responses gen- 497

erated by the models. For each comparison, three 498

options are given (Win, Tie, and Loss) and the final 499

result is determined by the majority voting. Figure 500

4 shows the effectiveness of our method, i.e., our 501

trained models show consistent preference from 502

participants. Details can be found in Appendix E. 503

Needle in the Haystack Test. We conduct a “Nee- 504

dle in A HayStack” test in Appendix F to show 505
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Real-world Settings Limited Short Instruction Data Settings

Figure 3: Automatic metrics evaluation results (%) under different context lengths on LongBench.
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Figure 4: Human evaluation in two settings.

GATEAU can fully utilize the information.506

Parameter Study. We conduct the parameter507

study in Appendix G.508

Case Study. We further come up with a practical509

case study shown in Appendix H.510

Discussion. We further discuss some possible con-511

cerns about GATEAU in Appendix I. For example,512

we report the execution time of GATEAU and find513

GATEAU can fit in other LLMs, e.g. ChatGLM.514

4 Related Work515

Long Context Alignment. Aligning the LLMs to516

follow user instructions has been extensively stud-517

ied in short-context scenarios (Taori et al., 2023;518

Wang et al., 2023a,b). However, excessively long519

contexts present unique challenges for long con-520

text alignment. Li et al. (2023); Tworkowski et al.521

(2023); Xiong et al. (2024) construct the long SFT522

dataset by concatenating short SFT samples. Yet,523

simply concatenating unrelated sentences can not524

effectively simulate the long-range dependency re-525

lations for long-context tasks. Thus, Yang (2023);526

Chen et al. (2024b); Bai et al. (2024) construct long527

SFT data by collecting long-context materials as528

inputs and querying Claude to get the response.529

However, using these synthetic data without a clear530

strategy for ensuring data quality may introduce 531

low-quality samples (e.g., samples without mean- 532

ingful long-range dependency relations). Training 533

LLMs on such low-quality samples can ultimately 534

constrain their final performance. 535

Data Selection for Alignment. As Zhou et al. 536

(2023) states less is more for alignment, many 537

works attempt to select influential samples to em- 538

power the LLMs’ instruction-following capabilities. 539

Chen et al. (2023a); Liu et al. (2024) attempt to uti- 540

lize the feedback from well-aligned close-source 541

LLMs to select samples. Cao et al. (2024); Li et al. 542

(2024b); Ge et al. (2024); Xia et al. (2024) try to 543

utilize the well-designed metrics (e.g., complex- 544

ity) based on open-source LLMs to rank and select 545

the samples. Meanwhile, Li et al. (2024c); Zhang 546

et al. (2024) attempt to utilize the guidance from 547

in-context learning. However, these methods only 548

focus on selecting short SFT data, ignoring the 549

unique challenge in long context alignment, i.e., 550

selecting the samples enriched with meaningful 551

long-range dependency relations. 552

5 Conclusion 553

In this study, we introduce GATEAU, a new novel 554

framework designed to select influential samples 555

for long context alignment. Different from pre- 556

vious studies, we attempt to address the unique 557

challenge in long context alignment, i.e., modeling 558

long-range dependencies. To measure the richness 559

of long-range dependency relations in long SFT 560

samples, GATEAU separately measures the diffi- 561

culty of generating corresponding responses and 562

understanding lengthy inputs due to the long-range 563

dependencies. Trained on these selected influen- 564

tial samples, our model achieves better alignment. 565

Extensive experiments consistently show the effec- 566

tiveness of GATEAU compared to other methods. 567
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6 Limitations568

Although empirical experiments have confirmed569

the efficacy of the proposed GATEAU, two major570

limitations remain. Firstly, our proposed HMG re-571

quires two homologous models with different con-572

text windows, thus limiting the range of models we573

can use to conduct more experiments in our paper.574

However, in practical scenarios, training a power-575

ful long-context LLM always involves homologous576

models with different context windows (though577

these models may not be open-sourced). This578

is because existing LLMs are often initially pre-579

trained on a large-scale corpus with smaller context580

windows due to device limitations, they then con-581

duct continual pre-training to extend the window582

size. Therefore, our method still remains effec-583

tive in real-world scenarios. Secondly, GATEAU584

is designed to improve overall performance in585

instruction-following and long-context understand-586

ing tasks. Thus, it is not suitable to improve the587

performance of LLMs in a targeted capability or588

task, e.g., mathematical questions.589

References590

Anthropic. 2023. Anthropic: Introducing claude 2.1.591

Yushi Bai, Xin Lv, Jiajie Zhang, Yuze He, Ji Qi, Lei592
Hou, Jie Tang, Yuxiao Dong, and Juanzi Li. 2024.593
Longalign: A recipe for long context alignment of594
large language models. Preprint, arXiv:2401.18058.595

Yushi Bai, Xin Lv, Jiajie Zhang, Hongchang Lyu,596
Jiankai Tang, Zhidian Huang, Zhengxiao Du, Xiao597
Liu, Aohan Zeng, Lei Hou, Yuxiao Dong, Jie Tang,598
and Juanzi Li. 2023. Longbench: A bilingual, mul-599
titask benchmark for long context understanding.600
arXiv preprint arXiv:2308.14508.601

Yihan Cao, Yanbin Kang, Chi Wang, and Lichao Sun.602
2024. Instruction mining: Instruction data selec-603
tion for tuning large language models. Preprint,604
arXiv:2307.06290.605

Lichang Chen, Shiyang Li, Jun Yan, Hai Wang, Kalpa606
Gunaratna, Vikas Yadav, Zheng Tang, Vijay Srini-607
vasan, Tianyi Zhou, Heng Huang, et al. 2023a. Al-608
pagasus: Training a better alpaca with fewer data.609
arXiv preprint arXiv:2307.08701.610

Longze Chen, Ziqiang Liu, Wanwei He, Yunshui Li,611
Run Luo, and Min Yang. 2024a. Long context is not612
long at all: A prospector of long-dependency data for613
large language models. Preprint, arXiv:2405.17915.614

Shouyuan Chen, Sherman Wong, Liangjian Chen, and615
Yuandong Tian. 2023b. Extending context window616
of large language models via positional interpolation.617
Preprint, arXiv:2306.15595.618

Yukang Chen, Shengju Qian, Haotian Tang, Xin Lai, 619
Zhijian Liu, Song Han, and Jiaya Jia. 2024b. Lon- 620
gloRA: Efficient fine-tuning of long-context large 621
language models. In The Twelfth International Con- 622
ference on Learning Representations. 623

Wei-Lin Chiang, Zhuohan Li, Zi Lin, Ying Sheng, 624
Zhanghao Wu, Hao Zhang, Lianmin Zheng, Siyuan 625
Zhuang, Yonghao Zhuang, Joseph E. Gonzalez, Ion 626
Stoica, and Eric P. Xing. 2023. Vicuna: An open- 627
source chatbot impressing gpt-4 with 90%* chatgpt 628
quality. 629

Zhengxiao Du, Yujie Qian, Xiao Liu, Ming Ding, 630
Jiezhong Qiu, Zhilin Yang, and Jie Tang. 2022. Glm: 631
General language model pretraining with autoregres- 632
sive blank infilling. In Proceedings of the 60th An- 633
nual Meeting of the Association for Computational 634
Linguistics (Volume 1: Long Papers), pages 320–335. 635

Yuan Ge, Yilun Liu, Chi Hu, Weibin Meng, Shimin 636
Tao, Xiaofeng Zhao, Hongxia Ma, Li Zhang, Hao 637
Yang, and Tong Xiao. 2024. Clustering and ranking: 638
Diversity-preserved instruction selection through 639
expert-aligned quality estimation. arXiv preprint 640
arXiv:2402.18191. 641

Gkamradt. 2023. Llmtest_needleinahaystack. 642

Cheng-Yu Hsieh, Yung-Sung Chuang, Chun-Liang Li, 643
Zifeng Wang, Long T. Le, Abhishek Kumar, James 644
Glass, Alexander Ratner, Chen-Yu Lee, Ranjay Kr- 645
ishna, and Tomas Pfister. 2024. Found in the middle: 646
Calibrating positional attention bias improves long 647
context utilization. Preprint, arXiv:2406.16008. 648

Dacheng Li, Rulin Shao, Anze Xie, Ying Sheng, Lian- 649
min Zheng, Joseph Gonzalez, Ion Stoica, Xuezhe Ma, 650
and Hao Zhang. 2023. How long can context length 651
of open-source LLMs truly promise? In NeurIPS 652
2023 Workshop on Instruction Tuning and Instruction 653
Following. 654

Dongyuan Li, Zhen Wang, Yankai Chen, Renhe Jiang, 655
Weiping Ding, and Manabu Okumura. 2024a. A 656
survey on deep active learning: Recent advances and 657
new frontiers. Preprint, arXiv:2405.00334. 658

Ming Li, Yong Zhang, Zhitao Li, Jiuhai Chen, Lichang 659
Chen, Ning Cheng, Jianzong Wang, Tianyi Zhou, and 660
Jing Xiao. 2024b. From quantity to quality: Boosting 661
LLM performance with self-guided data selection 662
for instruction tuning. In Proceedings of the 2024 663
Conference of the North American Chapter of the 664
Association for Computational Linguistics: Human 665
Language Technologies (Volume 1: Long Papers), 666
pages 7595–7628, Mexico City, Mexico. Association 667
for Computational Linguistics. 668

Yunshui Li, Binyuan Hui, Xiaobo Xia, Jiaxi Yang, 669
Min Yang, Lei Zhang, Shuzheng Si, Junhao Liu, 670
Tongliang Liu, Fei Huang, and Yongbin Li. 2024c. 671
One shot learning as instruction data prospector for 672
large language models. Preprint, arXiv:2312.10302. 673

9

https://www.anthropic.com/news/claude-2-1
https://arxiv.org/abs/2401.18058
https://arxiv.org/abs/2401.18058
https://arxiv.org/abs/2401.18058
https://arxiv.org/abs/2307.06290
https://arxiv.org/abs/2307.06290
https://arxiv.org/abs/2307.06290
https://arxiv.org/abs/2405.17915
https://arxiv.org/abs/2405.17915
https://arxiv.org/abs/2405.17915
https://arxiv.org/abs/2405.17915
https://arxiv.org/abs/2405.17915
https://arxiv.org/abs/2306.15595
https://arxiv.org/abs/2306.15595
https://arxiv.org/abs/2306.15595
https://openreview.net/forum?id=6PmJoRfdaK
https://openreview.net/forum?id=6PmJoRfdaK
https://openreview.net/forum?id=6PmJoRfdaK
https://openreview.net/forum?id=6PmJoRfdaK
https://openreview.net/forum?id=6PmJoRfdaK
https://lmsys.org/blog/2023-03-30-vicuna/
https://lmsys.org/blog/2023-03-30-vicuna/
https://lmsys.org/blog/2023-03-30-vicuna/
https://lmsys.org/blog/2023-03-30-vicuna/
https://lmsys.org/blog/2023-03-30-vicuna/
https://github.com/gkamradt/LLMTest_NeedleInAHaystack
https://arxiv.org/abs/2406.16008
https://arxiv.org/abs/2406.16008
https://arxiv.org/abs/2406.16008
https://arxiv.org/abs/2406.16008
https://arxiv.org/abs/2406.16008
https://openreview.net/forum?id=LywifFNXV5
https://openreview.net/forum?id=LywifFNXV5
https://openreview.net/forum?id=LywifFNXV5
https://arxiv.org/abs/2405.00334
https://arxiv.org/abs/2405.00334
https://arxiv.org/abs/2405.00334
https://arxiv.org/abs/2405.00334
https://arxiv.org/abs/2405.00334
https://aclanthology.org/2024.naacl-long.421
https://aclanthology.org/2024.naacl-long.421
https://aclanthology.org/2024.naacl-long.421
https://aclanthology.org/2024.naacl-long.421
https://aclanthology.org/2024.naacl-long.421
https://arxiv.org/abs/2312.10302
https://arxiv.org/abs/2312.10302
https://arxiv.org/abs/2312.10302


Bill Yuchen Lin, Abhilasha Ravichander, Ximing Lu,674
Nouha Dziri, Melanie Sclar, Khyathi Chandu, Chan-675
dra Bhagavatula, and Yejin Choi. 2024. The unlock-676
ing spell on base LLMs: Rethinking alignment via677
in-context learning. In The Twelfth International678
Conference on Learning Representations.679

Wei Liu, Weihao Zeng, Keqing He, Yong Jiang, and680
Junxian He. 2024. What makes good data for align-681
ment? a comprehensive study of automatic data se-682
lection in instruction tuning. In The Twelfth Interna-683
tional Conference on Learning Representations.684

Ilya Loshchilov and Frank Hutter. 2019. Decoupled685
weight decay regularization. In International Confer-686
ence on Learning Representations.687

OpenAI. 2023. Openai: Gpt-4.688

Bowen Peng, Jeffrey Quesnelle, Honglu Fan, and Enrico689
Shippole. 2024. YaRN: Efficient context window ex-690
tension of large language models. In The Twelfth691
International Conference on Learning Representa-692
tions.693

Jianlin Su, Yu Lu, Shengfeng Pan, Ahmed Murtadha,694
Bo Wen, and Yunfeng Liu. 2023. Roformer: En-695
hanced transformer with rotary position embedding.696
Preprint, arXiv:2104.09864.697

Rohan Taori, Ishaan Gulrajani, Tianyi Zhang, Yann698
Dubois, Xuechen Li, Carlos Guestrin, Percy Liang,699
and Tatsunori B. Hashimoto. 2023. Stanford alpaca:700
An instruction-following llama model. https://701
github.com/tatsu-lab/stanford_alpaca.702

Together.ai. 2023. Building llama-2-7b-32k-instruct703
using together api.704

Hugo Touvron, Louis Martin, Kevin Stone, Peter Al-705
bert, Amjad Almahairi, Yasmine Babaei, Nikolay706
Bashlykov, Soumya Batra, Prajjwal Bhargava, Shruti707
Bhosale, Dan Bikel, Lukas Blecher, Cristian Canton708
Ferrer, Moya Chen, Guillem Cucurull, David Esiobu,709
Jude Fernandes, Jeremy Fu, Wenyin Fu, Brian Fuller,710
Cynthia Gao, Vedanuj Goswami, Naman Goyal, An-711
thony Hartshorn, Saghar Hosseini, Rui Hou, Hakan712
Inan, Marcin Kardas, Viktor Kerkez, Madian Khabsa,713
Isabel Kloumann, Artem Korenev, Punit Singh Koura,714
Marie-Anne Lachaux, Thibaut Lavril, Jenya Lee, Di-715
ana Liskovich, Yinghai Lu, Yuning Mao, Xavier Mar-716
tinet, Todor Mihaylov, Pushkar Mishra, Igor Moly-717
bog, Yixin Nie, Andrew Poulton, Jeremy Reizen-718
stein, Rashi Rungta, Kalyan Saladi, Alan Schelten,719
Ruan Silva, Eric Michael Smith, Ranjan Subrama-720
nian, Xiaoqing Ellen Tan, Binh Tang, Ross Tay-721
lor, Adina Williams, Jian Xiang Kuan, Puxin Xu,722
Zheng Yan, Iliyan Zarov, Yuchen Zhang, Angela Fan,723
Melanie Kambadur, Sharan Narang, Aurelien Ro-724
driguez, Robert Stojnic, Sergey Edunov, and Thomas725
Scialom. 2023. Llama 2: Open foundation and fine-726
tuned chat models. Preprint, arXiv:2307.09288.727

Szymon Tworkowski, Konrad Staniszewski, Mikołaj728
Pacek, Yuhuai Wu, Henryk Michalewski, and Piotr729
Miłoś. 2023. Focused transformer: Contrastive train-730
ing for context scaling. Preprint, arXiv:2307.03170.731

Ashish Vaswani, Noam M. Shazeer, Niki Parmar, Jakob 732
Uszkoreit, Llion Jones, Aidan N. Gomez, Lukasz 733
Kaiser, and Illia Polosukhin. 2017. Attention is all 734
you need. In Neural Information Processing Systems. 735

Yizhong Wang, Hamish Ivison, Pradeep Dasigi, Jack 736
Hessel, Tushar Khot, Khyathi Chandu, David Wad- 737
den, Kelsey MacMillan, Noah A. Smith, Iz Beltagy, 738
and Hannaneh Hajishirzi. 2023a. How far can camels 739
go? exploring the state of instruction tuning on open 740
resources. In Thirty-seventh Conference on Neural 741
Information Processing Systems Datasets and Bench- 742
marks Track. 743

Yizhong Wang, Yeganeh Kordi, Swaroop Mishra, Alisa 744
Liu, Noah A. Smith, Daniel Khashabi, and Hannaneh 745
Hajishirzi. 2023b. Self-instruct: Aligning language 746
models with self-generated instructions. In Proceed- 747
ings of the 61st Annual Meeting of the Association for 748
Computational Linguistics (Volume 1: Long Papers), 749
pages 13484–13508, Toronto, Canada. Association 750
for Computational Linguistics. 751

Wenhao Wu, Yizhong Wang, Yao Fu, Xiang Yue, Dawei 752
Zhu, and Sujian Li. 2024. Long context alignment 753
with short instructions and synthesized positions. 754
Preprint, arXiv:2405.03939. 755

Mengzhou Xia, Sadhika Malladi, Suchin Gururangan, 756
Sanjeev Arora, and Danqi Chen. 2024. LESS: Se- 757
lecting influential data for targeted instruction tuning. 758
In International Conference on Machine Learning 759
(ICML). 760

Wenhan Xiong, Jingyu Liu, Igor Molybog, Hejia Zhang, 761
Prajjwal Bhargava, Rui Hou, Louis Martin, Rashi 762
Rungta, Karthik Abinav Sankararaman, Barlas Oguz, 763
Madian Khabsa, Han Fang, Yashar Mehdad, Sharan 764
Narang, Kshitiz Malik, Angela Fan, Shruti Bhosale, 765
Sergey Edunov, Mike Lewis, Sinong Wang, and Hao 766
Ma. 2024. Effective long-context scaling of founda- 767
tion models. In Proceedings of the 2024 Conference 768
of the North American Chapter of the Association for 769
Computational Linguistics: Human Language Tech- 770
nologies (Volume 1: Long Papers), pages 4643–4663, 771
Mexico City, Mexico. Association for Computational 772
Linguistics. 773

An Yang, Baosong Yang, Binyuan Hui, Bo Zheng, 774
Bowen Yu, Chang Zhou, Chengpeng Li, Chengyuan 775
Li, Dayiheng Liu, Fei Huang, Guanting Dong, Hao- 776
ran Wei, Huan Lin, Jialong Tang, Jialin Wang, 777
Jian Yang, Jianhong Tu, Jianwei Zhang, Jianxin 778
Ma, Jianxin Yang, Jin Xu, Jingren Zhou, Jinze Bai, 779
Jinzheng He, Junyang Lin, Kai Dang, Keming Lu, Ke- 780
qin Chen, Kexin Yang, Mei Li, Mingfeng Xue, Na Ni, 781
Pei Zhang, Peng Wang, Ru Peng, Rui Men, Ruize 782
Gao, Runji Lin, Shijie Wang, Shuai Bai, Sinan Tan, 783
Tianhang Zhu, Tianhao Li, Tianyu Liu, Wenbin Ge, 784
Xiaodong Deng, Xiaohuan Zhou, Xingzhang Ren, 785
Xinyu Zhang, Xipin Wei, Xuancheng Ren, Xuejing 786
Liu, Yang Fan, Yang Yao, Yichang Zhang, Yu Wan, 787
Yunfei Chu, Yuqiong Liu, Zeyu Cui, Zhenru Zhang, 788
Zhifang Guo, and Zhihao Fan. 2024. Qwen2 techni- 789
cal report. Preprint, arXiv:2407.10671. 790

10

https://openreview.net/forum?id=wxJ0eXwwda
https://openreview.net/forum?id=wxJ0eXwwda
https://openreview.net/forum?id=wxJ0eXwwda
https://openreview.net/forum?id=wxJ0eXwwda
https://openreview.net/forum?id=wxJ0eXwwda
https://openreview.net/forum?id=BTKAeLqLMw
https://openreview.net/forum?id=BTKAeLqLMw
https://openreview.net/forum?id=BTKAeLqLMw
https://openreview.net/forum?id=BTKAeLqLMw
https://openreview.net/forum?id=BTKAeLqLMw
https://openreview.net/forum?id=Bkg6RiCqY7
https://openreview.net/forum?id=Bkg6RiCqY7
https://openreview.net/forum?id=Bkg6RiCqY7
https://openai.com/research/gpt-4
https://openreview.net/forum?id=wHBfxhZu1u
https://openreview.net/forum?id=wHBfxhZu1u
https://openreview.net/forum?id=wHBfxhZu1u
https://arxiv.org/abs/2104.09864
https://arxiv.org/abs/2104.09864
https://arxiv.org/abs/2104.09864
https://github.com/tatsu-lab/stanford_alpaca
https://github.com/tatsu-lab/stanford_alpaca
https://github.com/tatsu-lab/stanford_alpaca
https://huggingface.co/togethercomputer/LLaMA-2-7B-32K
https://huggingface.co/togethercomputer/LLaMA-2-7B-32K
https://huggingface.co/togethercomputer/LLaMA-2-7B-32K
https://arxiv.org/abs/2307.09288
https://arxiv.org/abs/2307.09288
https://arxiv.org/abs/2307.09288
https://arxiv.org/abs/2307.03170
https://arxiv.org/abs/2307.03170
https://arxiv.org/abs/2307.03170
https://api.semanticscholar.org/CorpusID:13756489
https://api.semanticscholar.org/CorpusID:13756489
https://api.semanticscholar.org/CorpusID:13756489
https://openreview.net/forum?id=w4zZNC4ZaV
https://openreview.net/forum?id=w4zZNC4ZaV
https://openreview.net/forum?id=w4zZNC4ZaV
https://openreview.net/forum?id=w4zZNC4ZaV
https://openreview.net/forum?id=w4zZNC4ZaV
https://doi.org/10.18653/v1/2023.acl-long.754
https://doi.org/10.18653/v1/2023.acl-long.754
https://doi.org/10.18653/v1/2023.acl-long.754
https://arxiv.org/abs/2405.03939
https://arxiv.org/abs/2405.03939
https://arxiv.org/abs/2405.03939
https://doi.org/10.18653/v1/2024.naacl-long.260
https://doi.org/10.18653/v1/2024.naacl-long.260
https://doi.org/10.18653/v1/2024.naacl-long.260
https://arxiv.org/abs/2407.10671
https://arxiv.org/abs/2407.10671
https://arxiv.org/abs/2407.10671


Jianxin Yang. 2023. Longqlora: Efficient and effective791
method to extend context length of large language792
models. Preprint, arXiv:2311.04879.793

Le Yu, Bowen Yu, Haiyang Yu, Fei Huang, and Yongbin794
Li. 2024. Language models are super mario: Absorb-795
ing abilities from homologous models as a free lunch.796
In Forty-first International Conference on Machine797
Learning.798

Aohan Zeng, Xiao Liu, Zhengxiao Du, Zihan Wang,799
Hanyu Lai, Ming Ding, Zhuoyi Yang, Yifan Xu,800
Wendi Zheng, Xiao Xia, Weng Lam Tam, Zixuan Ma,801
Yufei Xue, Jidong Zhai, Wenguang Chen, Zhiyuan802
Liu, Peng Zhang, Yuxiao Dong, and Jie Tang. 2023.803
GLM-130b: An open bilingual pre-trained model. In804
The Eleventh International Conference on Learning805
Representations.806

Qi Zhang, Yiming Zhang, Haobo Wang, and Junbo807
Zhao. 2024. Recost: External knowledge808
guided data-efficient instruction tuning. Preprint,809
arXiv:2402.17355.810

Lianmin Zheng, Wei-Lin Chiang, Ying Sheng, Siyuan811
Zhuang, Zhanghao Wu, Yonghao Zhuang, Zi Lin,812
Zhuohan Li, Dacheng Li, Eric P. Xing, Hao Zhang,813
Joseph E. Gonzalez, and Ion Stoica. 2023. Judg-814
ing llm-as-a-judge with mt-bench and chatbot arena.815
Preprint, arXiv:2306.05685.816

Chunting Zhou, Pengfei Liu, Puxin Xu, Srini Iyer, Jiao817
Sun, Yuning Mao, Xuezhe Ma, Avia Efrat, Ping Yu,818
Lili Yu, et al. 2023. Lima: Less is more for alignment.819
arXiv preprint arXiv:2305.11206.820

11

https://arxiv.org/abs/2311.04879
https://arxiv.org/abs/2311.04879
https://arxiv.org/abs/2311.04879
https://arxiv.org/abs/2311.04879
https://arxiv.org/abs/2311.04879
https://openreview.net/forum?id=fq0NaiU8Ex
https://openreview.net/forum?id=fq0NaiU8Ex
https://openreview.net/forum?id=fq0NaiU8Ex
https://openreview.net/forum?id=-Aw0rrrPUF
https://arxiv.org/abs/2402.17355
https://arxiv.org/abs/2402.17355
https://arxiv.org/abs/2402.17355
https://arxiv.org/abs/2306.05685
https://arxiv.org/abs/2306.05685
https://arxiv.org/abs/2306.05685


Appendix821

This appendix is organized as follows.822

• In Section A, we report the training details,823

e.g., training datasets and hyperparameters.824

• In Section B, we go into detail about the base-825

lines used in our experiments.826

• In Section C, we show the details of evalua-827

tions, e.g., the introduction of the used bench-828

marks and evaluation prompts.829

• In Section D, we list the details of the general830

characteristics of selected samples.831

• In Section E, we show the implementation832

details of human evaluation.833

• In Section F, we conduct a “Needle in A834

HayStack” experiment to test the ability to835

utilize information from different positions.836

• In Section G, we conduct experiments to ex-837

plore the impact of hyperparameters.838

• In Section H, we come up with a practical case839

study to show the effectiveness of GATEAU.840

• In Section I, we discuss some possible ques-841

tions, including execution time (Sec. I.1), ex-842

periments in other LLMs (Sec. I.2), the di-843

versity of selected samples (Sec. I.3), further844

exploration of HMG (Sec. I.4).845

A Training846

Training Datasets. LongAlign dataset (Bai847

et al., 2024) is developed by using collected848

long sequences from 9 sources and applying the849

Self-Instruct (Wang et al., 2023b) approach with850

long-context LLM Claude 2.1 (Anthropic., 2023).851

Though initially competitive, its dependence on852

Claude 2.1 synthesized data may lead to quality853

concerns. For the ShareGPT dataset (Chiang et al.,854

2023), we filter the sample with an empty response.855

Training Details. LLaMA-2-7B-base-4k is an856

open-sourced LLM with a context window of 4k to-857

kens. To extend context windows, Bai et al. (2024)858

propose LLaMA-2-7B-base-64k by modifying the859

RoPE position encoding (Su et al., 2023) and apply-860

ing continual training on data with lengths under861

64k, for a total of 10 billion tokens. Meanwhile,862

for LLaMA-2-7B-base-4k, we expand the base fre-863

quency b of the RoPE position encoding by 200864

times (from 10,000 to 2,000,000) to extend the 865

context windows and avoid the model conducting 866

extreme perplexity score (>1,000) in HMG. For 867

CAM, we use LLaMA-2-7B-base-64k to calcu- 868

late the score and use selected samples to train 869

the LLaMA-2-7B-base-64k as our final model. 870

Devices and Hyperparameters. All models 871

are trained with 8xA800 80G GPUs and Deep- 872

Speed+ZeRO3+CPU offloading. We use BF16 in 873

both our training and inference. The models can 874

be trained with a maximum length of 64k tokens 875

without GPU memory overflow. We set the maxi- 876

mum length of the training data to 64k, with any 877

data exceeding this length being truncated from the 878

right side. We keep the same maximum length in 879

the HMG and CAM but truncate from the left side 880

to keep the original responses. We set the batch 881

size to 8, with a gradient accumulation step of 12 882

for all the training methods. We train 2 epochs on 883

the training data. We set the learning rate as 2e-5 884

and use AdamW (Loshchilov and Hutter, 2019) as 885

our optimizer. The β1 and β2 in AdamW optimizer 886

are set to 0.9 and 0.95. Meanwhile, the length of 887

segment L is set to 128 in CAM. Hyperparameter α 888

in Eq. (6) is set to 0.7 in Limited Short Instruction 889

Data Settings and 0.8 in Real-world Settings. 890

B Baselines 891

We will detail the baselines in our experiments. 892

w/o SFT. For w/o SFT, we directly utilize the 893

base model without alignment to get the experiment 894

results, i.e., the results of LLaMA-2-7B-base-64k. 895

w/o Long SFT. For w/o Long SFT, we just use 896

the short instruction data from ShareGPT to ap- 897

ply the supervised fine-tuning stage for alignment. 898

The number of used short instruction samples from 899

ShareGPT is determined by the different settings. 900

Full - 100%. For Full - 100%, we use the full 901

data of LongAlign, including 10k long instruc- 902

tion samples, to conduct the SFT for alignment. 903

The number of used short instruction samples from 904

ShareGPT is determined by the different settings. 905

Perplexity Guidance. We use the perplexity score 906

from LLM as guidance to select long instruction- 907

following samples according to Eq. (1). We select 908

the long instruction-following samples with the 909

highest perplexity scores as the most influential 910

samples to train the model. Meanwhile, the number 911

of used short instruction samples from ShareGPT 912

is determined by the different settings. 913

CaR. This work (Ge et al., 2024) proposes a 914
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straightforward yet efficacious short instruction-915

following selection framework. This method first916

selects a subset that ensures the retention of a large917

number of high-quality instructions and then sup-918

plements a small number of high-quality instruc-919

tions from each cluster to enhance the diversity920

of the data while preserving instruction quality.921

Specifically, this work first employs a small-scale922

trained reward model to get the score of the sam-923

ples. Meanwhile, the cluster model is employed to924

cluster all candidate instruction pairs into k clus-925

ters Finally, all instruction pairs are sorted based926

on their scores, and the top n1 pairs are selected;927

within each cluster, instruction pairs are sorted by928

score, and the top n2 pairs are chosen. A high-929

quality sub-dataset with preserved diversity is then930

curated by duplicating n1 `kˆn2 pairs of instruc-931

tions. We directly use the same reward model and932

hyperparameters to select long samples. Mean-933

while, the number of used short samples from934

ShareGPT is determined by the different settings.935

Cherry Selection. Li et al. (2024b) proposes a936

method for autonomously sifting through expansive937

open-source short instruction-following datasets to938

discover the most influential training samples. At939

the heart of this method is the hypothesis that dur-940

ing their preliminary training stages with carefully941

chosen instruction data, LLMs can develop an in-942

trinsic capability to discern instructions. This foun-943

dational understanding equips them with the dis-944

cernment to assess the quality of broader datasets945

thus making it possible to estimate the instruction-946

following difficulty in a self-guided manner. To947

estimate the difficulty of a given example, this948

work proposes a novel metric called Instruction-949

Following Difficulty (IFD) score in which both950

models’ capability to generate a response to a given951

instruction and the models’ capability to generate952

a response directly are measured and compared.953

This method quantifies the challenge each sample954

presents to the model and utilizes selected data with955

standout IFD scores to hone the model. We apply956

this method to select the long instruction-following957

samples as the baseline. Meanwhile, the number of958

used short instruction samples from ShareGPT is959

determined by the different settings.960

C Evaluations961

C.1 LongBench-Chat962

Evaluation Data. LongBench-Chat focuses on963

assessing LLMs’ instruction-following capability964

under the long context. LongBench-Chat includes 965

50 long context real-world queries ranging from 966

10k to 100k in length. It covers diverse aspects of 967

instruction-following abilities such as reasoning, 968

coding, summarization, and multilingual transla- 969

tion over long contexts. It consists of 40 tasks in 970

English and 10 in Chinese. GPT-4 (OpenAI, 2023) 971

is employed to give a score on a scale of 10 to the 972

machine-generated responses based on the anno- 973

tated ground-truths and few-shot scoring examples. 974

Evaluation Prompts. LongBench-Chat employs 975

GPT-4 to score the model’s response in 1-10 based 976

on a given human-annotated referenced answer and 977

few-shot scoring examples for each question. We 978

use the same prompt as LongBench-Chat to get 979

GPT-4’s evaluation shown in Figure 8. 980

C.2 LongBench 981

Evaluation Data. LongBench is the first bilin- 982

gual, multitask benchmark tailored for long con- 983

text understanding. LongBench includes differ- 984

ent languages (Chinese and English) to provide a 985

more comprehensive evaluation of the large mod- 986

els’ bilingual capabilities in long-context under- 987

standing. Detailed statistics of the used dataset in 988

LongBench can be found in Table 4. 989

Evaluation Prompts. We conduct GPT-4 evalua- 990

tion for LongBench. As aligned models generally 991

produce longer responses, rather than relying solely 992

on the original automatic metrics (e.g., ROUGE) 993

to evaluate the models’ replies, we additionally em- 994

ploy GPT-4 to assess the model outputs based on 995

their alignment with the ground-truth answers on 996

LongBench. For the first two QA tasks, the prompt 997

for the GPT-4 evaluator is the same as Bai et al. 998

(2024), shown in Figure 9. The prompt for GPT-4 999

evaluation on summarization tasks is the same as 1000

Bai et al. (2024), shown in Figure 10. 1001

Automatic Metrics Evaluation Results We show 1002

the detailed automatic metric evaluation results on 1003

LongBench in Table 5. Meanwhile, we can see that 1004

using 30% of the whole long instruction-following 1005

dataset (GATEAU-LLaMA-30%) can achieve the 1006

best performance of LongBench in two different 1007

settings. This is because of its ability to maintain 1008

an optimal balance between the volume and quality 1009

of the long instruction-following samples it utilizes, 1010

leading to the most desirable results. 1011

C.3 MT-Bench 1012

Evaluation Data. MT-Bench is a benchmark con- 1013

sisting of 80 multi-turn questions, designed to test 1014
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Dataset ID Source Avg len Auto Metric Language #data

Single-Document QA
NarrativeQA 1-1 Literature, Film 18,409 F1 English 200
Qasper 1-2 Science 3,619 F1 English 200
MultiFieldQA-en 1-3 Multi-field 4,559 F1 English 150
MultiFieldQA-zh 1-4 Multi-field 6,701 F1 Chinese 200

Multi-Document QA
HotpotQA 2-1 Wikipedia 9,151 F1 English 200
2WikiMultihopQA 2-2 Wikipedia 4,887 F1 English 200
MuSiQue 2-3 Wikipedia 11,214 F1 English 200
DuReader 2-4 Baidu Search 15,768 Rouge-L Chinese 200

Summarization
GovReport 3-1 Government report 8,734 Rouge-L English 200
QMSum 3-2 Meeting 10,614 Rouge-L English 200
MultiNews 3-3 News 2,113 Rouge-L English 200
VCSUM 3-4 Meeting 15,380 Rouge-L Chinese 200

Table 4: An overview of the dataset statistics in LongBench. ‘Source’ denotes the origin of the context. ‘Avg len’ is
computed using the number of words for the English datasets and the number of characters for the Chinese datasets.

multi-turn conversation and instruction-following1015

ability, covering common use cases and focusing1016

on challenging questions to differentiate models. It1017

is also carefully constructed to differentiate chat-1018

bots based on their core capabilities, including writ-1019

ing, roleplay, extraction, reasoning, math, coding,1020

knowledge I (STEM), and knowledge II (human-1021

ities/social science). MT-Bench prompts strong1022

LLMs like GPT-4 to act as judges and assess the1023

quality of the models’ responses. For each turn,1024

GPT-4 will give a score on a scale of 10. We com-1025

pute the average score on all turns.1026

More Detailed Results. We show the detailed1027

results of MT-Bench in Table 6.1028

C.4 GPT-4 Version1029

For all the evaluations using the GPT-4 (includ-1030

ing LongBench-Chat, LongBench, MT-Bench, and1031

Needle in the Haystack test), we used GPT-4 API1032

in August 2024 to ensure that we keep the same as1033

Bai et al. (2024). According to the documents from1034

OpenAI, GPT-4 API points to GPT-4-0613 API.1035

D General Characteristics of Selected1036

Samples from GATEAU1037

Utilizing GPT-4, we evaluate each sample on five1038

aspects: the coherence of long input contexts, the1039

necessity of long input contexts, helpfulness of1040

response, the faithfulness of response, and the1041

complexity of instruction. Different from the1042

previous GPT-4 evaluation detailed in Appendix1043

C.4, we use GPT-4-Turbo API (now points to1044

GPT-4-Turbo-2024-04-09) as our evaluator, as 1045

this version of API has larger context window to 1046

conduct the more correct evaluation for our long in- 1047

put contexts. The prompt for GPT-4 evaluation on 1048

different characteristics can be found in Figure 11, 1049

Figure 12, Figure 13, Figure 14, and Figure 15. 1050

E Human Evaluation 1051

During the human evaluation, the participants fol- 1052

low the principles in Figure 16 to make the decision. 1053

If the final result can not be determined by the ma- 1054

jority voting, we will make the discussion among 1055

the participants and vote on the result again. 1056

F Needle in the Haystack Test 1057

We further conduct the “Needle in A HayStack” 1058

experiment in Figure 5 to test the model’s ability 1059

to utilize information from 10 different positions. 1060

Specifically, this task asks for the model to retrieve 1061

a piece of fact (the ‘needle’) that is inserted in the 1062

middle (positioned at a specified depth percent) of 1063

a long context window (the ‘haystack’). These re- 1064

sults show that GATEAU can help LLM’s ability to 1065

utilize information from different positions within 1066

long texts, resulting in a decrease in the model’s 1067

retrieval error. Following the same original config- 1068

uration as the original method (Gkamradt, 2023), 1069

we use “The best thing to do in San Francisco is eat 1070

a sandwich and sit in Dolores Park on a sunny day.” 1071

as the needle fact, and Paul Graham’s essays as the 1072

long haystack context. We use the same prompt as 1073

Bai et al. (2024): “What is the best thing to do in 1074
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Model Single-Doc QA Multi-Doc QA Summarization

1-1 1-2 1-3 1-4 Avg 2-1 2-2 2-3 2-4 Avg 3-1 3-2 3-3 3-4 Avg

Real-world Settings
w/o SFT 0.9 3.9 6.4 3.6 3.7 7.3 8.7 2.1 15.4 8.4 23.9 6.2 14.0 1.8 11.5
w/o Long SFT 16.8 29.1 45.8 48.7 35.1 27.8 17.6 11.4 25.3 20.5 27.4 23.3 27.8 14.3 23.2
Full - 100% 18.4 29.9 46.1 49.9 36.1 27.1 20.8 11.2 30.0 22.3 28.7 24.0 26.7 15.9 23.8

Perplexity Guidance - 10% 19.9 32.0 46.6 45.8 36.1 22.1 23.2 10.4 30.3 21.5 31.3 23.8 26.0 17.7 24.7
CaR - 10% 16.9 24.1 47.6 42.3 32.7 22.1 19.8 11.3 30.0 20.8 31.9 23.1 26.2 18.6 25.0
Cherry Selection - 10% 19.9 30.8 47.2 43.1 35.3 25.2 21.4 10.6 28.3 21.4 30.0 24.1 25.1 17.0 24.1
GATEAU-LLaMA - 10% 23.5 34.2 49.6 54.5 40.5 28.7 25.0 12.1 30.5 24.0 31.2 24.7 26.9 18.9 25.4
∆ compared to Full - 100% +5.1 +4.3 +3.5 +4.6 +4.4 +1.6 +4.2 +0.9 +0.5 +1.8 +2.5 +0.7 +0.2 +3.0 +1.6

Perplexity Guidance - 30% 21.1 33.6 46.1 46.7 36.9 23.4 21.0 10.1 30.1 21.2 30.2 24.7 26.4 18.9 25.1
CaR - 30% 18.0 24.4 46.9 45.0 33.6 25.4 20.8 14.4 29.4 22.5 30.1 24.8 26.5 18.2 24.9
Cherry Selection - 30% 20.5 33.1 48.0 51.0 38.2 26.7 20.4 13.5 29.1 22.4 30.4 24.1 26.9 17.7 24.8
GATEAU-LLaMA - 30% 23.7 34.1 49.6 54.6 40.5 30.1 23.8 14.9 30.4 24.8 30.5 24.9 27.2 18.9 25.4
∆ compared to Full - 100% +5.3 +4.2 +3.5 +4.7 +4.4 +3.0 +3.0 +3.7 +0.4 +2.5 +1.8 +0.9 +0.5 +3.0 +1.6

Perplexity Guidance - 50% 19.2 32.8 50.1 49.5 37.9 27.1 23.1 12.1 31.1 23.4 31.5 24.1 27.1 18.7 25.4
CaR - 50% 17.6 24.5 47.6 44.7 33.6 29.3 19.4 17.3 29.6 23.9 30.3 23.7 26.0 18.2 24.6
Cherry Selection - 50% 19.0 32.6 51.7 49.6 38.2 26.2 23.9 13.5 30.4 23.5 30.5 23.8 26.9 18.8 25.0
GATEAU-LLaMA - 50% 20.2 33.4 52.1 49.8 38.9 30.7 25.2 15.0 32.5 25.8 31.3 24.6 27.1 18.8 25.5
∆ compared to Full - 100% +1.8 +3.5 +6.0 -0.1 +2.8 +3.6 +4.4 +3.8 +2.5 +3.6 +2.6 +0.6 +0.4 +2.9 +1.6

Limited Short Instruction Data Settings
w/o SFT 0.9 3.9 6.4 3.6 3.7 7.3 8.71 2.1 15.4 8.4 23.9 6.2 14.0 1.78 11.5
w/o Long SFT 13.8 19.2 38.3 37.1 27.1 15.2 14.7 8.2 25.7 16.0 29.4 24.4 25.0 19.3 24.5
Full - 100% 14.7 20.1 37.0 37.0 27.2 15.4 13.8 8.6 26.7 16.1 29.3 24.5 25.6 18.6 24.5

Perplexity Guidance - 10% 15.4 19.2 41.0 37.8 28.4 15.0 14.8 8.5 25.6 16.0 28.8 23.9 26.1 17.8 24.2
CaR - 10% 11.5 17.7 37.7 30.0 24.2 15.6 12.5 8.4 25.9 15.6 29.3 24.1 26.2 18.2 24.5
Cherry Selection - 10% 14.6 19.2 41.2 37.7 28.2 15.7 14.6 7.6 25.3 15.8 29.4 24.1 26.0 17.8 24.3
GATEAU-LLaMA - 10% 17.1 20.7 43.4 38.3 29.9 19.9 18.5 8.2 26.8 18.4 29.6 24.3 26.3 18.3 24.6
∆ compared to Full - 100% +2.4 +0.6 +6.4 +1.3 +2.7 +4.5 +4.7 -0.4 +0.1 +2.2 +0.3 -0.2 +0.7 -0.3 +0.1

Perplexity Guidance - 30% 15.3 20.6 42.3 38.2 29.1 17.4 15.9 8.6 27.5 17.4 28.3 24.3 25.7 19.0 24.3
CaR - 30% 13.6 18.3 41.0 30.5 25.9 16.7 15.8 9.4 27.0 17.2 28.8 24.3 25.3 18.4 24.2
Cherry Selection - 30% 15.9 19.5 42.3 39.0 29.2 17.3 16.3 9.3 26.2 17.3 29.2 25.0 26.1 18.2 24.6
GATEAU-LLaMA - 30% 17.7 20.4 43.1 38.6 29.9 22.5 18.5 11.6 27.7 20.1 30.5 24.3 26.8 19.7 25.3
∆ compared to Full - 100% +3.0 +0.3 +6.1 +1.6 +2.7 +7.1 +4.7 +3.0 +1.0 +4.0 +1.2 -0.2 +1.2 +1.1 +0.8

Perplexity Guidance - 50% 16.4 20.6 39.1 37.1 28.3 16.7 16.4 8.2 26.0 16.8 29.3 25.1 25.2 19.1 24.7
CaR - 50% 12.1 18.1 40.4 30.4 25.3 17.3 15.1 9.0 26.3 16.9 28.3 23.6 25.1 18.9 24.0
Cherry Selection - 50% 15.5 19.5 38.9 37.3 27.8 15.4 16.3 8.8 26.1 16.7 30.6 24.8 25.3 18.9 24.9
GATEAU-LLaMA - 50% 18.5 22.5 43.9 39.1 31.0 17.9 16.7 9.6 28.0 18.1 30.1 25.3 26.6 19.4 25.3
∆ compared to Full - 100% +3.8 +2.4 +6.9 +2.1 +3.8 +2.5 +2.9 +1.0 +1.3 +1.9 +0.8 +0.8 +0.9 +0.8 +0.8

Table 5: Automatic metrics evaluation results (%) on LongBench in two different settings. We use the ID to
represent the dataset in LongBench, e.g., 1-1 is the ID of the NarrativeQA dataset.

San Francisco? Here is the most relevant sentence1075

in the context:”.1076

G Parameter Study1077

As shown in Figure 6, we conduct experiments to1078

explore the impact of important hyperparameter1079

α in Eq. (6). We report the results of GATEAU-1080

LLaMA - 50% on LongBench-Chat in two settings.1081

Overall, although the choice of different α will1082

have some impact on the LLM’s performance, the1083

performance will always be improved over the1084

baseline Full-100%, i.e., using the whole train-1085

ing dataset without data selection. Meanwhile, we1086

also find that using both the Homologous Model’s1087

Guidance and Contextual Awareness Measurement1088

will further improve the performance than only1089

using one of them. This is because the Homol-1090

ogous Model’s Guidance and Contextual Aware-1091

ness Measurement attempts to measure the diffi-1092

culty brought by the long-range dependencies from1093

two different perspectives, i.e., separately measur- 1094

ing the difficulty of generating corresponding re- 1095

sponses and understanding long input contexts due 1096

to the long-range dependencies. Meanwhile, we 1097

further explore the impact of the length of seg- 1098

ment L in CAM. We report the results of GATEAU- 1099

LLaMA - 50% on LongBench-Chat in Real-world 1100

Settings. As shown in Figure 7, different seg- 1101

ment lengths affect the model’s performance; how- 1102

ever, as long as a reasonable length value is cho- 1103

sen, the fluctuations in model performance are not 1104

significant. Meanwhile, the performance will al- 1105

ways be improved over using the whole long SFT 1106

dataset (namely Full-100%) and only using the 1107

HMG method (namely -w/o CAM), showing the 1108

effectiveness of our proposed CAM. 1109

H OOD Case Study 1110

As part of our research on aligning LLMs on long 1111

context, we further come up with a practical case 1112

15



Model First-turn Second-turn Writing Roleplay Reasoning Math Coding Extraction STEM Humanities

Real-world Settings
w/o SFT 43.5 25.6 44.5 44.0 35.0 16.5 18.0 28.0 42.0 48.8
w/o Long SFT 60.0 47.4 73.8 72.0 44.0 22.0 25.5 42.5 63.0 86.5
Full - 100% 60.0 48.7 78.5 70.3 45.5 19.0 29.0 42.0 67.5 83.0

Perplexity Guidance - 10% 63.1 48.9 68.7 67.0 43.5 26.5 33.2 50.5 69.8 88.5
CaR - 10% 59.8 50.0 76.5 75.3 44.5 24.5 24.8 43.5 64.2 84.9
Cherry Selection - 10% 63.0 50.5 74.5 73.8 42.3 25.0 32.5 48.3 70.3 87.5
GATEAU-LLaMA - 10% 63.1 54.1 73.8 79.2 43.8 26.5 27.8 46.0 77.0 94.8
Perplexity Guidance - 30% 62.1 47.8 69.0 63.7 46.0 28.0 28.4 49.0 72.5 82.2
CaR - 30% 60.0 48.6 79.3 77.0 38.5 21.0 19.8 44.0 71.9 83.0
Cherry Selection - 30% 61.6 47.0 68.2 71.5 39.8 22.0 26.3 50.8 69.3 88.4
GATEAU-LLaMA - 30% 64.1 50.4 78.0 73.5 42.0 24.5 29.5 46.8 73.8 92.1
Perplexity Guidance - 50% 62.3 49.6 79.0 71.0 47.3 24.5 28.0 42.0 69.5 86.3
CaR - 50% 61.6 47.9 74.0 77.3 39.0 21.5 24.5 42.0 67.8 91.8
Cherry Selection - 50% 62.9 49.6 77.8 76.2 48.3 22.5 30.5 35.8 68.2 91.5
GATEAU-LLaMA - 50% 64.1 50.4 78.0 73.5 42.0 24.5 29.5 46.8 73.8 92.1

Limited Short Instruction Data Settings
w/o SFT 43.5 25.6 44.5 44.0 35.0 16.5 18.0 28.0 42.0 48.8
w/o Long SFT 56.4 44.5 66.3 65.8 46.5 21.0 23.5 38.3 63.5 79.1
Full - 100% 54.5 40.9 65.8 56.0 35.5 21.0 23.5 34.0 67.5 78.3

Perplexity Guidance - 10% 61.9 39.5 73.8 61.8 39.3 27.5 29.1 47.1 58.5 72.3
CaR - 10% 59.3 40.3 66.5 64.3 49.3 21.5 26.3 28.8 62.0 80.5
Cherry Selection - 10% 53.0 42.3 56.8 72.3 39.5 17.0 26.5 34.8 59.3 75.3
GATEAU-LLaMA - 10% 62.2 44.6 69.9 67.5 39.8 24.0 27.5 50.7 66.3 83.0
Perplexity Guidance - 30% 58.9 41.4 69.4 68.0 37.0 28.5 28.9 47.8 57.8 64.8
CaR - 30% 52.8 44.3 67.0 66.5 37.3 25.0 24.8 28.5 68.5 71.0
Cherry Selection - 30% 54.8 36.6 67.5 57.5 34.0 19.5 20.4 35.5 63.5 69.7
GATEAU-LLaMA - 30% 62.0 43.7 62.0 65.7 45.4 27.5 31.7 41.7 71.7 72.0
Perplexity Guidance - 50% 57.6 40.9 59.5 74.5 41.0 25.0 26.0 37.3 55.3 75.3
CaR - 50% 58.3 44.1 70.0 67.2 43.3 25.5 30.5 28.5 71.5 73.5
Cherry Selection - 50% 57.7 41.4 70.0 63.2 37.5 18.3 26.3 43.9 61.1 76.5
GATEAU-LLaMA - 50% 64.2 44.1 61.5 67.0 46.3 28.0 31.4 47.0 65.8 84.3

Table 6: Detailed results (%) of MT-Bench.

study shown in Figure 17. We consider using an1113

out-of-distribution (OOD) query, that is, the query1114

that the model has not encountered in the long1115

context SFT data. Specifically, we select the Biden-1116

Trump debate transcript 1 from the 2024 election1117

season as the OOD query, because this debate is1118

organized subsequent to the collection of our used1119

training datasets. We show the results generated1120

by GATEAU-LLaMA-30% and Full-100% in Real-1121

world settings. We highlight the sentences that can1122

be easily misunderstood or contain factual errors1123

(e.g., this debate is organized in 2024 instead of1124

2020). We can find that our method achieves better1125

faithfulness and fluency, showing the effectiveness1126

of our method in handling OOD queries.1127

I Discussion1128

I.1 Discussion about Execution Time and1129

GPU Burdens1130

Execution Time. Based on the principle of mak-1131

ing full use of GPU devices (e.g., using a multi-1132

processing strategy), we list the execution time1133

1https://edition.cnn.com/2024/06/27/politics/read-biden-
trump-debate-rush-transcript/index.html

in Table 8. We can find our method (HMG + 1134

CAM) introduces acceptable offline time overhead 1135

compared to the supervised fine-tuning stage and 1136

improves the overall performance of long-context 1137

LLMs. Perplexity Guidance applies a single LLM 1138

to compute the score, thus it achieves less execution 1139

time but worse performance in our experiments. 1140

Meanwhile, another strong baseline Cherry Selec- 1141

tion introduces an additional training stage and 1142

computes the proposed Instruction-Following Dif- 1143

ficulty (IFD) by applying the forward propagation 1144

twice on a single long SFT data, thus necessitat- 1145

ing more execution time compared to our proposed 1146

HMG. Meanwhile, our CAM and HMG can pro- 1147

cess the data in parallel to further decrease the 1148

execution time, e.g., only 8 hours with 16xA800 1149

80G GPUs. Overall, compared to other baselines, 1150

the experimental results of our proposed GATEAU 1151

(consists of HMG and CAM) demonstrate that the 1152

additional execution time is worthwhile. 1153

GPU Burdens. As our method is designed to score 1154

the long SFT data, and then select the influential 1155

samples used for the SFT stage, thus our method 1156

does not introduce additional memory burden dur- 1157

ing the supervised fine-tuning and inference stage 1158
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Figure 5: Needle in the Haystack test.

Figure 6: Results (%) on LongBench-Chat with different hyperparameter α in Eq. (6).
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Figure 7: Results (%) on LongBench-Chat with differ-
ent hyperparameter L in CAM.

of the long-context model. For HMG, we com-1159

pute perplexity scores generated from two models1160

for a given SFT data in parallel and use the com-1161

puted perplexity scores (cached in JSON files) to1162

get the homologous models’ perplexity score HMP1163

as shown in Eq. (2). Thus HMG does not introduce1164

additional GPU memory burden, only introducing1165

acceptable additional execution time as shown in1166

Table 8. The GPU memory requirements of CAM1167

raise from the calculation of the attention scores1168

for lengthy inputs, as well as the perplexity score1169

computation. This process is equivalent to perform-1170

ing two forward passes over the dataset without 1171

updating gradients, thus it does not add an extra 1172

GPU memory burden. 1173

I.2 Discussion about Whether GATEAU Can 1174

Fit in Other LLMs 1175

We explore whether GATEAU can fit in other 1176

LLMs in Table 7. We further apply GATEAU on 1177

ChatGLM3-6B-base-8k (Zeng et al., 2023) and 1178

ChatGLM3-6B-base-64k (Bai et al., 2024), then 1179

fine-tune ChatGLM3-6B-base-64k using the se- 1180

lected samples. As shown in Table 7, we find 1181

consistent improvements on three benchmarks com- 1182

pared to using the full long SFT dataset. This indi- 1183

cates that GATEAU effectively fits in other LLMs. 1184

I.3 Discussion about the Diversity of Selected 1185

Samples 1186

In this section, we further explore the diversity of 1187

selected samples. We employ the cluster model 1188

as CaR (Ge et al., 2024) to cluster all candidate 1189

instruction pairs into k clusters. Specifically, we 1190

employ the k-Means algorithm and a sentence trans- 1191

formers model which is used to map sentences to a 1192
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Model LongBench LongBench-Chat MT-Bench

Single-Doc QA Multi-Doc QA Summarization Avg First-turn Second-turn Avg

Real-world Settings
GATEAU-ChatGLM3 - 6B - 50% 30.2 20.0 24.6 60.2 63.2 50.2 56.7
-w/o Data Selection (i.e., Full - 100%) 26.6 16.9 23.4 55.9 59.2 47.6 53.4

Limited Short Instruction Data Settings
GATEAU-ChatGLM3 - 6B - 50% 24.4 15.4 22.4 57.0 57.2 49.2 53.2
-w/o Data Selection (i.e., Full - 100%) 20.2 13.2 21.2 50.4 55.4 45.2 50.3

Table 7: Results (%) of GATEAU-ChatGLM. We show automatic metrics evaluation results on LongBench.

Methods Execution Time

Real-world Settings
Training on the full dataset 176 GPU hours
Selecting long SFT data via HMG 64 GPU hours
Selecting long SFT data via CAM 48 GPU hours
Selecting long SFT data via Cherry Selection 80 GPU hours
Selecting long SFT data via Perplexity Guidance 32 GPU hours

Table 8: Execution time.

384-dimensional dense vector space. Subsequently,1193

semantic features are PCA-reduced to retain 95%1194

of dimensions. Finally, by setting the number of1195

clusters as k “
a

n{2 for n long SFT samples, all1196

10k long SFT samples are clustered into 70 clusters.1197

Finally, all samples are sorted based on their scores1198

according to Eq. (6), and the top n1 samples are1199

selected. Within each cluster, samples are sorted1200

by score from GATEAU, and the top n2 pairs are1201

chosen. We set n2 to 1, which is the same as Ge1202

et al. (2024). Finally, we can get n1 ` k ˚ n2 (i.e.,1203

4300`70˚1) samples and use these selected data to1204

train the model, namely -w Diversity-preserved Se-1205

lection. We report the results of GATEAU-LLaMA1206

- 50% on LongBench-Chat and MT-Bench. Shown1207

in Table 10, we find that using Diversity-preserved1208

Selection does not consistently improve the perfor-1209

mance, showing our proposed GATEAU has im-1210

plicitly ensured the diversity of selected long SFT1211

data. This is because HMG and CAM separately1212

measure the difficulty of generating corresponding1213

responses and understanding long input contexts1214

due to the long-range dependencies, thus the final1215

score derived from two different perspectives in-1216

herently ensures the diversity of selected long SFT1217

data. Meanwhile, as shown in Table 6, GATEAU1218

achieves better overall performance and more bal-1219

anced performance in 8 different tasks, showing its1220

effectiveness and diversity of selected samples.1221

I.4 Discussion about Homologous Model’s1222

Guidance1223

We further explore some key questions in the Ho-1224

mologous Model’s Guidance.1225

Why Do We Need Homologous Models? Homol- 1226

ogous Model’s Guidance (HMG) aims to assess 1227

the degree of long-range dependencies required for 1228

the corresponding response generation, by com- 1229

paring the perplexity scores of the response be- 1230

tween two homologous models with different con- 1231

text windows. The idea behind HMG is that the 1232

primary difference between homologous models 1233

with varying context windows lies in their different 1234

capabilities for modeling long-range dependencies 1235

instead of other capabilities. Thus, the disparity 1236

in the perplexity scores can be interpreted as re- 1237

flecting the difference in the long-range dependen- 1238

cies modeling capabilities required to generate the 1239

given response. To evaluate the effectiveness of 1240

our idea, we replace LLaMA-2-7B-base-4k with 1241

Qwen-2-7b-base-8k (Yang et al., 2024) as model 1242

θA in Eq. (2), namely Non-Homologous Model’s 1243

Guidance. As shown in Table 9, we find Non- 1244

Homologous Model’s Guidance achieve worse per- 1245

formance than Homologous Model’s Guidance in 1246

two designed settings. It shows that HMG can 1247

exclusively measure the richness of long-range de- 1248

pendency relations in long SFT samples. As non- 1249

homologous models have different pre-training 1250

phases and model architectures, the modified Eq. 1251

(2) can not effectively measure the degree of long- 1252

range dependencies required for response genera- 1253

tion and introduce the influence brought by other 1254

different capabilities of non-homologous models, 1255

resulting in the worse performance. 1256

Why Do We Apply Normalization in Eq. (2) ? 1257

We apply softmax normalization to each score in 1258

Eq. (2) to determine its respective ranking among 1259

the datasets for two perplexity scores. This is be- 1260

cause our early experiments observed that applying 1261

softmax normalization can further improve the per- 1262

formance shown in Table 9. This may due to the 1263

fact that some extremely noisy samples tend to 1264

have large perplexity scores, which in turn lead to 1265

unstable HMP scores if we do not apply normal- 1266

ization in Eq. (2). Training LLMs on these noisy 1267
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Model LongBench LongBench-Chat MT-Bench

Single-Doc QA Multi-Doc QA Summarization Avg First-turn Second-turn Avg

Real-world Settings
GATEAU-LLaMA - 7B - 50% 38.9 25.8 25.5 56.8 64.1 50.4 57.3
-w/o Extended Context Windows 38.1 25.4 25.6 55.8 63.7 50.6 57.1
-w/o Norm in Eq. (2) 37.5 24.1 25.3 56.2 64.1 50.4 57.3
Homologous Model’s Guidance 38.4 24.3 25.1 53.2 61.7 51.5 56.6
Perplexity Guidance 37.9 23.4 25.4 49.8 62.3 49.6 55.9
Non-Homologous Model’s Guidance 37.2 23.2 24.8 48.2 59.2 49.3 54.3

Limited Short Instruction Data Settings
GATEAU-LLaMA - 7B -50% 31.0 18.1 25.3 59.0 64.2 44.1 54.2
-w/o Extended Context Windows 29.2 18.8 25.2 57.6 60.2 44.0 52.1
-w/o Norm in Eq. (2) 29.7 18.7 24.9 55.2 62.0 40.1 51.1
Homologous Model’s Guidance 28.5 17.5 24.7 53.2 61.3 42.4 51.8
Perplexity Guidance 28.3 16.8 24.7 51.0 57.6 40.9 49.2
Non-Homologous Model’s Guidance 28.7 16.8 24.8 50.2 60.1 40.3 50.2

Table 9: Discussion about Homologous Model’s Guidance.

Models LongBench-Chat MT-Bench

Real-world Settings
GATEAU-LLaMA - 7B - 50% 56.8 57.3
-w/ Diversity-preserved Selection 56.2 57.8

Limited Short Instruction Data Settings
GATEAU-LLaMA - 7B - 50% 59.0 54.2
-w/ Diversity-preserved Selection 59.2 53.4

Table 10: Experiments to explore the diversity of se-
lected samples by GATEAU.

Models Perplexity

LLaMA-2-7B-base-4k 3.72
LLaMA-2-7B-base-64k 2.61

Table 11: Perplexity from base models on LongAlign.

samples further leads to poor results.1268

What Will Happen if We Do not Extend the1269

Context Windows of LLaMA-2-4k? Our early1270

experiments also explore what will happen if we1271

do not extend the context windows of model θA1272

in Eq. (2). As shown in Table 9, we are surprised1273

to find that -w/o Extended Context Windows also1274

achieves competitive results in three benchmarks1275

compared to GATEAU-LLaMA. Even the perplex-1276

ity score PPLθApy|c, xq from the model θA can be1277

very large, e.g., the value of PPLθApy|c, xq can be1278

larger than 1000, the value after softmax normal-1279

ization is still useful and applicable in the Homol-1280

ogous Models’ Guidance. This interesting finding1281

can be used to reduce the complexity of applying1282

Homologous Models’ Guidance and achieve com-1283

petitive performance.1284

Is the Perplexity Score from the Base Model1285

Really so High that It Can Not Accurately Mea-1286

sure the Difficulty? Intuitively, since the base1287

Models LongBench-Chat MT-Bench

Real-world Settings
GATEAU-LLaMA - 7B - 50% 56.8 57.3
w/ ICL Alignment 56.2 57.9

Limited Short Instruction Data Settings
GATEAU-LLaMA - 7B - 50% 59.0 54.2
w/ ICL Alignment 59.4 53.5

Table 12: Experiments to explore whether alignment
via in-context learning helps HMG.

model performs well on conditional generation 1288

tasks (e.g., continuation), it should also be able 1289

to generate accurate perplexity scores on the re- 1290

sponse of instruction-following data, even though 1291

the model might not be able to produce high-quality 1292

responses correctly, because these two capabilities 1293

are not the same. Therefore, we explore whether 1294

our long-text LLM would produce incorrect per- 1295

plexity values in Table 11. We calculate the av- 1296

erage perplexity value generated by the long-text 1297

LLaMA-2-7B-base-64k for the entire long SFT 1298

dataset LongAlign during the whole HMG pro- 1299

cess, which is 2.61. We further calculate the 1300

average perplexity value generated by the short- 1301

context LLaMA-2-7B-base-4k for the entire long 1302

SFT dataset LongAlign during the whole HMG pro- 1303

cess, which is 3.72. This is because we expand the 1304

base frequency of the RoPE position encoding by 1305

200 times (from 10,000 to 2,000,000) to extend the 1306

context windows and avoid the model conducting 1307

extreme perplexity score (e.g., >1,000) in HMG. 1308

Therefore, there is no issue of the perplexity from 1309

the base model being too high to accurately mea- 1310

sure the difficulty. 1311

Can the Perplexity Score Generated from the 1312

Base Model be Used as Guidance to Select Influ- 1313
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ential Samples? The perplexity of the responses1314

computed with the base model is an intuitive met-1315

ric, as it measures the difficulty of the data sample1316

during the generation. As shown in Table 1, Table1317

2, Table 5, and Table 8, we find simply using high1318

perplexity (namely Perplexity Guidance in our pa-1319

per) can also improve the performance compared1320

with using the whole long SFT dataset, indicat-1321

ing that the effectiveness of the perplexity score1322

from the base model in selecting long SFT samples.1323

Cherry Selection (Li et al., 2024b) also finds using1324

the Instruction-Following Difficulty (a variant of1325

perplexity score) computed with the base model1326

also works in selecting SFT samples. According to1327

these experiments, we believe that the perplexity1328

generated from a base model can be used as posi-1329

tive guidance to select SFT samples. Therefore, the1330

use of the perplexity score generated from the base1331

model in our method makes sense when selecting1332

long SFT data. Meanwhile, our method HMG is1333

designed to minimize the influence of other factors1334

(e.g., the limited instruction-following ability of a1335

base model) and model the difficulty in modeling1336

the long-range dependencies to construct the more1337

effective guidance of long SFT data selection, and1338

further improve overall performance. For CAM,1339

utilizing perplexity scores to compute importance1340

scores is also reasonable, and the experiments show1341

improvement even when only using CAM.1342

We further conduct additional experiments to1343

explore the effect of perplexity scores generated1344

from the base model. In HMG, we use in-context1345

learning technology to align the base model and1346

use the perplexity score from the aligned model1347

to select long SFT data. Specifically, we use the1348

same 3 demonstration examples as URIAL (Lin1349

et al., 2024). In this way, we can get models more1350

aligned without updating the parameters. How-1351

ever, as shown in Table 12, using the aligned model1352

via in-context learning does not consistently im-1353

prove the final performance. This indicates that1354

using only base models in the HMG phase can also1355

achieve good results. Therefore, HMG can effec-1356

tively minimize the influence of other factors (e.g.,1357

the limited instruction-following ability of a base1358

model) and model the difficulty in modeling the1359

long-range dependencies. Meanwhile, from the1360

real-world implementation viewpoint, directly us-1361

ing the base model is more efficient and at the same1362

time effective as well.1363
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LongBench-Chat Evaluation Prompt

[Instructions] You are asked to evaluate the quality of the AI assistant’s answers to user questions as
an impartial judge, and your evaluation should take into account factors including correctness (high
priority), helpfulness, accuracy, and relevance. The scoring principles are as follows:
1. Read the AI assistant’s answer and compare the assistant’s answer with the reference answer.
2. Identify all errors in the AI Assistant’s answers and consider how much they affect the answer to
the question.
3. Evaluate how helpful the AI assistant’s answers are in directly answering the user’s questions and
providing the information the user needs.
4. Examine any additional information in the AI assistant’s answer to ensure that it is correct and
closely related to the question. If this information is incorrect or not relevant to the question, points
should be deducted from the overall score.
Please give an overall integer rating from 1 to 10 based on the above principles, strictly in the
following format: "[[rating]]", e.g., "[[5]]".

[Question] {}
[Reference answer begins] {} [Reference answer ends]
Below are several assistants’ answers and their ratings:
[Assistant’s answer begins] {} [Assistant’s answer ends] Rating: [[{}]]
[Assistant’s answer begins] {} [Assistant’s answer ends] Rating: [[{}]]
[Assistant’s answer begins] {} [Assistant’s answer ends] Rating: [[{}]]

Please rate the following assistant answers based on the scoring principles and examples above:
[Assistant’s answer begins] {} [Assistant’s answer ends]
Rating:

Figure 8: LongBench-Chat Evaluation Prompt

LongBench Evaluation Prompt for QA tasks

You are asked to evaluate the quality of the AI assistant’s answers to user questions as an impartial
judge, and your evaluation should take into account factors including correctness (high priority),
and comprehensiveness (whether the assistant’s answer covers all points). Read the AI assistant’s
answer and compare it against the reference answer, and give an overall integer rating of 1, 2, or 3
(1 = wrong or irrelevant, 2 = partially correct, 3 = correct and comprehensive) based on the above
principles, strictly in the following format: "[[rating]]", e.g., "[[2]]".

Question: {Question}
Reference answer: {Groundtruth}
Assistant’s answer: {Response}
Rating:

Figure 9: LongBench Evaluation Prompt for QA Tasks
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LongBench Evaluation Prompt for Summarization Tasks

You are asked to evaluate the quality of the AI assistant’s generated summary as an impartial
judge, and your evaluation should take into account factors including correctness (high priority),
comprehensiveness (whether the assistant’s summary covers all points), and coherence. Read the AI
assistant’s summary and compare it against the reference summary, and give an overall integer rating
on a scale of 1 to 5, where 1 is the lowest and 5 is the highest based on the evaluation criteria, strictly
in the following format: "[[rating]]", e.g., "[[3]]".

Reference summary: {Groundtruth}
Assistant’s summary: {Response}
Rating:

Figure 10: LongBench Evaluation Prompt for Summarization Tasks

Evaluation Prompt for the Coherence of Long Input Contexts

You are asked to evaluate the Long Input Contexts as an impartial judge, and your evaluation should
follow these scoring principles:
1. Read the given Long Input Contexts carefully.
2. Evaluate the fluency and coherence of Long Input Contexts.
3. Evaluate whether the Long Input Contexts are focused and relevant.

Please give an overall integer rating from 1 to 5 based on the above principles, strictly in the following
format:"[[rating]]", e.g. "[[5]]".

Please rate the following Long Input Contexts based on the scoring principles:

[Long Input Contexts begins]
{Long Input Contexts}
[Long Input Contexts ends]

Rating:

Figure 11: Evaluation Prompt for the Coherence of Long Input Contexts.
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Evaluation Prompt for the Necessity of Long Input Contexts

You are asked to evaluate the Long Input Contexts as an impartial judge, and your evaluation should
follow these scoring principles:
1. Read the given Instruction, Long Input Contexts and Assistant’s answer carefully.
2. Evaluate how difficult it is for the Assistant to follow the given Instruction without the given Long
Input Contexts.
3. Evaluate how necessary the given Long Input Contexts are to get the Assistant’s answer. If the
Long Input Contexts are meaningless or irrelevant, points should be deducted from the overall score.

Please give an overall integer rating from 1 to 5 based on the above principles, strictly in the following
format: "[[rating]]", e.g., "[[5]]".

[Instruction begins]
{Instruction}
[Instruction ends]

[Long Input Contexts begins]
{Long Input Contexts}
[Long Input Contexts ends]

Please rate the following assistant answers based on the scoring principles:

[Assistant’s answer begins]
{Assistant’s answer}
[Assistant’s answer ends]

Rating:

Figure 12: Evaluation Prompt for Necessity of Long Input Contexts
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Evaluation Prompt for the Faithfulness of Response

You are asked to evaluate the AI assistant’s answers to user questions as an impartial judge, and your
evaluation should follow these scoring principles:
1. Read the given Instruction, Long Input Contexts and Assistant’s answer carefully.
2. Identify all errors in the AI Assistant’s answers and consider how much they affect the answer to
the question.
3. Evaluate how faithful the AI assistant’s answers are to follow the Instruction, i.e., how correct and
closely related to the Instruction.
4. Evaluate how faithful the AI assistant’s answers are based on the Long Input Contexts, i.e., how
correct and closely related to the Long Input Contexts.

Please give an overall integer rating from 1 to 5 based on the above principles, strictly in the following
format: "[[rating]]", e.g., "[[5]]".

[Instruction begins]
{Instruction}
[Instruction ends]

[Long Input Contexts begins]
{Long Input Contexts}
[Long Input Contexts ends]

Please rate the following assistant answers based on the scoring principles:

[Assistant’s answer begins]
{Assistant’s answer}
[Assistant’s answer ends]

Rating:

Figure 13: Evaluation Prompt for Faithfulness of Response
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Evaluation Prompt for the Helpfulness of Response

You are asked to evaluate the AI assistant’s answers to user questions as an impartial judge, and your
evaluation should follow these scoring principles:
1. Read the given Instruction and Assistant’s answer carefully.
2. Identify all errors in the AI Assistant’s answers and consider how much they affect the answer to
the question.
3. Evaluate how helpful the AI assistant’s answers are in directly answering the user’s questions and
providing the information the user needs.

Please give an overall integer rating from 1 to 5 based on the above principles, strictly in the following
format: "[[rating]]", e.g. "[[5]]".

[Instruction begins]
{Instruction}
[Instruction ends]

Please rate the following assistant answers based on the scoring principles:

[Assistant’s answer begins]
{Assistant’s answer}
[Assistant’s answer ends]

Rating:

Figure 14: Evaluation Prompt for Helpfulness of Response

Evaluation Prompt for the Complexity of Instruction

You are asked to evaluate the Instruction as an impartial judge, and your evaluation should follow
these scoring principles:
1. Read the given Instruction carefully.
2. Evaluate the scope of the Instruction, i.e., whether the Instruction encompasses information
necessary for successful completion.
3. Evaluate the depth of the Instruction, i.e., whether the Instruction provides thorough details and
nuances.
4. Evaluate whether Instruction integrates multiple steps or concepts that require careful attention and
understanding.
5. If the Instruction is too easy to follow, points should be deducted from the overall score.
Please give an overall integer rating from 1 to 5 based on the above principles, strictly in the following
format: "[[rating]]", e.g. "[[5]]".

Please rate the following Instruction based on the scoring principles and examples above:

[Instruction begins]
{Instruction}
[Instruction ends]

Rating:

Figure 15: Evaluation Prompt for Complexity of Instruction
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The Principles of Human Evaluation

You are asked to evaluate the responses generated by different models, and your evaluation should
follow these principles:
1. Correctness: Focus primarily on whether the response covers the key points in the reference
answer. For reference answers containing multiple key points, look for how many of these the
response accurately addresses and score accordingly.
2. Helpfulness: Evaluate how helpful the AI assistant’s answers are in directly answering the user’s
questions and providing the information the user needs.
3. Faithfulness: Examine any additional information in the AI assistant’s answer to ensure that it
is correct and closely related to the question. If this information is incorrect or not relevant to the
question, points should be deducted from the overall score.
4. Coherence: Evaluate how fluent and coherent the AI assistant’s answers are. Also, consider
deducting points for overly verbose responses or those that are excessively generalized.

Finally, please make a decision among 3 opinions, including Win, Tie, and Loss.

Figure 16: The Principles of Human Evaluation
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OOD Case Study

  User:
[Debate transcript begins] {}
[Debate transcript ends]
[Instruction begins]
As a professional summarizer, create a concise and comprehensive summary of the provided debate,
while adhering to these guidelines:
1. Craft a summary that is detailed, in-depth, and complex, while maintaining clarity and conciseness.
2. Use proper grammar, punctuation, and spelling.
3. Write in a formal, objective, and impartial tone.
4. Provide a clear and accurate summary of the debate, without bias or personal opinions.
[Instruction ends]
Summary:
� Ours: The CNN presidential debate between President Joe Biden and former President Donald
Trump was held in Atlanta, Georgia. The debate was moderated by CNN anchors Jake Tapper
and Dana Bash. The debate covered various topics including the economy, immigration, foreign
policy, democracy, and more. On the economy, President Biden defended his administration’s actions,
stating that he inherited a disastrous situation from the previous administration. He highlighted his
administration’s job creation efforts and infrastructure spending. Former President Trump criticized
Biden’s policies, claiming that Biden’s tax hikes and regulations were hurting the economy. On
immigration, President Biden defended his administration’s handling of the border crisis, stating
that he had increased border patrol and asylum officers. Former President Trump criticized Biden’s
immigration policies, claiming that Biden was allowing "terrorists" to enter the country. On foreign
policy, President Biden criticized former President Trump’s handling of foreign affairs, particularly in
regards to Russia and Ukraine. He stated that Trump had encouraged Putin to invade Ukraine and that
Trump had not done enough to stop the war. Former President Trump defended his actions, stating
that he had put pressure on Ukraine to investigate Biden’s son and that he had not done enough to stop
the war because he was focused on China. On democracy, President Biden criticized former President
Trump’s handling of the January 6th attack on the Capitol, stating that Trump had encouraged the
protesters to go to the Capitol. Former President Trump defended his actions, stating that he had
spoken peacefully and patriotically. Overall, the debate was contentious and both candidates strongly
defended their records and policies.
⌢ Full - 100%: The debate between President Joe Biden and former President Donald Trump was
held in Atlanta, Georgia, on October 22, 2020. The debate was moderated by CNN anchors Jake
Tapper and Dana Bash. The debate focused on various issues such as the economy, immigration,
foreign policy, democracy, and more. On the issue of the economy, President Biden argued that he
inherited a disastrous economy from Trump, with high unemployment rates and no jobs. He claimed
that his policies have helped create jobs and increase wages for working-class Americans. Trump, on
the other hand, claimed that he had the best economy in history and that Biden’s policies have caused
inflation and driven up prices. On the issue of immigration, Trump claimed that Biden was allowing
"millions of people to come in and destroy our country." He also claimed that Biden was responsible
for the worst border crisis in history. Biden argued that Trump had left the border in chaos and that his
policies had caused the crisis. On foreign policy, Trump claimed that he had brought the United States
to the brink of war with Iran and that he had made a deal with North Korea that was a "disaster."
Biden argued that Trump had put the United States in a dangerous position with his rhetoric and that
he had made the world a more dangerous place. On democracy, Trump claimed that the election was
rigged and that he had won the election. Biden argued that Trump had incited a violent insurrection
at the Capitol and that he had undermined democracy. In conclusion, the debate was contentious and
both candidates presented their respective arguments and policies. However, it remains to be seen
how the voters will interpret the debate and how it will impact the election outcome.

Figure 17: OOD Case Study
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